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ExecuƟve Summary 

Solar photovoltaic (PV) power generaƟon has seen an exponenƟal growth over the past years and is 
expected to become the primary source of renewable energy by the end of this decade, according to 
the InternaƟonal Energy Agency (IEA, 2024a). The biggest subclass of this industry concerns megawaƩ 
to gigawaƩ scale projects. Due to the substanƟal financial investments involved in building and 
maintaining these ‘uƟlity-scale’ power plants, accurate monitoring of their performance is of great 
interest to asset owners and other involved parƟes. Specialized PV plant performance metrics have 
been established to this end, that are used to monitor degradaƟon rates over Ɵme, verify plant 
construcƟon and maintenance service quality and to calculate the value of the asset. The most 
commonly applied metric is the performance raƟo (PR) defined in the IEC 61724 standard. 

PV performance metrics such as the PR rely upon measured data of the energy output and the solar 
irradiance incident on the power plant, which means that there is an inherent measurement 
uncertainty associated with these metrics. Previous studies have calculated uncertainty in the 
performance raƟo to typically be between 2-8% (see e.g. Reise et al., 2018; Strobel et al., 2009). 
However, there is liƩle discourse on the impact of uncertainty in decision-making based upon PR 
measurements, nor has there been an assessment on the effecƟveness of accuracy improvements in 
the context of important use-cases of the PR. Furthermore, no previous calculaƟons of PR uncertainty 
have explicitly included the contribuƟons of individual uncertainty sources in the calculaƟon 

This study adds to the exisƟng knowledge base by performing performance raƟo uncertainty 
calculaƟons with aƩenƟon to the individual contribuƟons of separate uncertainty sources, and by 
calculaƟng the financial implicaƟons of this uncertainty in a relevant industrial applicaƟon of the PR: 
payments associated with performance guarantees in Engineering, Procurement and ConstrucƟon 
(EPC) and OperaƟons & Maintenance (O&M) contracts. An invesƟgaƟon is made into the effect of 
solar irradiance measurement accuracy by comparing the uncertainty and associated financial risk for 
asset owners, EPC contractors and O&M contractors that can be achieved using standard high-
accuracy pyranometers and industrial state-of-the-art pyranometers. The commercially available 
SR300-D1 pyranometer manufactured by Hukx was used to this end. 

Performance raƟo uncertainƟes were calculated to be between 2.8-3.9%, in line with published 
esƟmates. The SR300-D1 pyranometer was seen to outperform standard ISO 9060 class A 
specificaƟons (which are the strictest standardized specificaƟons) with a 0.6% lower uncertainty, 
consƟtuƟng an accuracy improvement of 15%. By separately including individual uncertainty sources 
according to the GUM framework, assuming independence and maximal autocorrelaƟon of 
uncertainty sources, it was calculated that the pyranometer direcƟonal response error is responsible 
for 35-60% of the total uncertainty, followed by PV module calibraƟon uncertainty with 15-30%. ISO 
9060 class A specificaƟons further yielded large contribuƟons by the temperature response and zero-
offset A errors in pyranometers, while these were smaller and not substanƟally different from other 
errors in the SR300-D1 pyranometer.  
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Financial risk calculaƟons were based on performance quality assessment as specified in EPC and 
O&M contracts, where the EPC or O&M contractor runs the risk of paying liquidated damages in case 
plant performance does not meet a contractual guarantee. For industry-pracƟce performance tests, 
measurement uncertainty was seen to increase the financial risk of the contractor. The expectaƟon 
value of the payable damages was most sensiƟve to uncertainty  in cases where the performance of 
a plant is close to the guaranteed value. In this regime, the accuracy improvement of an SR300-D1 
over standard class A specificaƟons resulted in a 13% reducƟon of the EPC or O&M contractor’s 
financial risk. In a hypotheƟcal situaƟon where the direcƟonal response error were to be halved, this 
reducƟon can increase to 35%. However, in case of severe PV system underperformance the expected 
damages were not sensiƟve to uncertainty due to staƟsƟcal averaging effects. On the other hand, 
value-at-risk was seen to be linearly dependent on the measurement uncertainty even in this regime, 
and was significantly reduced by the SR300-D1 compared to standard ISO 9060 class A specificaƟons. 
These results indicate that EPC and O&M contractors significantly benefit from higher-accuracy 
performance measurements. Furthermore, calculaƟons were performed to quanƟfy how different 
quality assessment tesƟng types unfairly shiŌ financial risk to either the contractor or the asset owner. 
Generally, measurement uncertainty was seen to increase financial risk of the EPC and O&M 
contractor, while commonly-encountered guard banding pracƟces were seen to shiŌ financial risk to 
the asset owner at an even greater degree. The calculaƟon results can be used by asset owners and 
EPC or O&M contractors involved in performance tests to understand the implicaƟons and fairness of 
common contractual acceptance tesƟng clauses.  

This study is specifically focused on the role of pyranometer uncertainty in performance assessments, 
because this is the primary contributor (75-85%) to the total uncertainty budget. This research was 
done in collaboraƟon with Hukx Sensor Technology, who are market-leading pyranometer 
manufacturers. Hukx provided expert insight into the workings and uncertainty sources of 
pyranometers, supporƟng proper inclusion in the uncertainty calculaƟons. Hukx is recommended to 
reduce the direcƟonal response error for the SR300-D1, with the economic driver that this further 
reduces the financial risk associated with EPC and O&M contract conformity assessment. 

The uncertainty calculaƟons were preceded by an analysis of the uƟlity-scale PV industry, the lifecycle 
of PV plants, important technical standards, the applicaƟons of PV performance metrics and the 
contractual technicaliƟes and variaƟons of contractual performance guarantees for construcƟon and 
maintenance services, establishing the contextual foundaƟon for this work. ParƟcular aƩenƟon was 
dedicated to understanding how contractual performance guarantees are structured in pracƟce. This 
sector analysis is based on a literature study and a small set of interviews with industry professionals 
that served to verify and expand upon what was compiled from literature. 

Certain aspects of this work are limited in scope and merit further invesƟgaƟon. The uncertainty 
calculaƟons rely upon assumpƟons of independence and autocorrelaƟon, and can be improved upon 
by including covariances between uncertainty that are more physically accurate. This can help idenƟfy 
further accuracy improvement avenues beyond the direcƟonal response error idenƟfied in this work. 
Uncertainty due to soiling is also excluded. The code developed for this work is freely available and 
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can be used to perform a comprehensive study on soiling uncertainty in different climates that can 
help inform cleaning schedules. Finally, the sector analysis consisted of a limited qualitaƟve 
component and was largely based on secondary literature. The applicability of the financial risk 
calculaƟons to pracƟcal situaƟons can be extended by a more thorough invesƟgaƟon of industry 
performance guarantee pracƟces.  

This study has shed light on how impacƞul irradiance uncertainty is in performance raƟo calculaƟons 
and to financial interests of asset owners, EPC contractors and O&M contractors in plant acceptance 
tesƟng. The results demonstrate the value of minimizing uncertainty and the importance of its 
consideraƟon in deciding upon contractual performance guarantees. Through the novel approach to 
include uncertainty sources individually, promising insights for further pyranometer improvement 
were obtained. The financial calculaƟons can be used by Hukx to underpin the economic relevance 
of high-accuracy pyranometers for clients involved in projects with performance guarantees (such as 
turnkey projects), and can support EPC and O&M service contractors and asset owners in assessing 
the fairness of and risks associated with performance guarantee acceptance tesƟng. Hence, this study 
provided acƟonable insights for pyranometer manufacturers and supports beƩer-informed decision 
making with respect to performance guarantees in the uƟlity-scale PV sector.  
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1. IntroducƟon 
The worldwide shiŌ to sustainable energy has led solar photovoltaic (PV) power generaƟon to see a dramaƟc rise as an 
energy source in the past 20 years. As of 2024, total installed solar PV capacity is esƟmated to be around 2.25 TW (Masson 
et al., 2025), accounƟng for over 5% of worldwide energy generaƟon. Total installed solar PV capacity is expected to triple 
by 2030 and become the largest source of renewable energy, overtaking wind and hydro generated power according to the 
InternaƟonal Energy Agency (IEA, 2024a), with 600 GW of new capacity installed in 2024. 

Solar PV is special as an energy source because it has allowed homeowners, tradiƟonally on the demand side of the electricity 
market, to start generaƟng their own electricity.  This ‘rooŌop’ power generaƟon accounted for one-third of newly installed 
capacity in 2024. However, two-thirds of this newly installed capacity falls into the so-called uƟlity-scale category, which 
refers to large, grid-connected solar power plants. The uƟlity-scale PV sector will be the focus of this work. 

 

 
1.1a: Amount of newly installed solar PV power generaƟon 
capacity each year, split between rooŌop and uƟlity-scale 

capacity. 

 
1.1b: Amount of newly installed power generaƟon capacity 
from renewable sources each year, split between different 

renewable sources. 

Figure 1.1: Growth of the solar PV industry over the past decade. Figures taken from Masson et al. (2025). 

Figure 1.1 shows the exponenƟal growth solar PV as an energy source over the past years. With its growing prominence in 
the global electricity market, solar PV power generaƟon is starƟng to evolve into a mature industrial acƟvity. The IEA 
esƟmates that a total of 500B USD has been invested in installing new capacity in 2024, more than the combined annual 
investment into all other renewable energy sources (IEA, 2024b). 

 

With the rise of uƟlity-scale PV as a global energy source and the commensurate increase of capital investment, accurate 
monitoring of performance and energy output of PV plants becomes increasingly important. Solar PV is inherently 
unpredictable as a power source due to its dependence on meteorological condiƟons, and the performance assessment of 
solar power plants is dependent on an even broader variety of factors. Standards have been developed to codify the 
performance assessment of uƟlity-scale solar PV power plants, most prominently the IEC 61724 set of standards and the 
ASTM E2848 standard (InternaƟonal Electrotechnical Commission, 2021; American Society for TesƟng and Materials, 2023). 
Because of the sudden rapid growth of this industry, standards and best-pracƟces are sƟll developing, with the IEC 61724 
standard being under review as of the wriƟng of this thesis.  

One of the most relevant metrics to determining PV system performance is the performance raƟo (PR). The PR is defined in 
the IEC 61724-1 standard as the total energy output divided by the theoreƟcal benchmark energy output of the solar power 
plant given the measured in-plane solar irradiance, over a specified Ɵme. It normalizes the achieved energy yield as a 
percentage of the nameplate rated yield under the measured environmental condiƟons.  

Other performance metrics exist as well, such as the energy performance index defined by the IEC 61724-3 standard and the 
linear regression model outlined in the ASTM E2848 standard, which both compare realized output to the predicted power 
output from a computaƟonal model of the plant. 
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Metrics such as the PR are designed to provide a quanƟficaƟon of the overall performance of the power plant while 
accounƟng for the uncontrollable nature of the input resource (solar energy), and have mulƟple uses in industry. They are 
applied to monitor PV asset performance and degradaƟon over Ɵme, informaƟon that in turn informs operaƟonal decisions 
such as retrofiƫng or end-of-life commissioning, and they are used to determine the financial value of the asset, which is of 
great significance when selling the asset or during corporate mergers and acquisiƟons.  

Of parƟcular interest in this work is the use of performance metrics in service quality guarantees in Engineering, Procurement 
& ConstrucƟon (EPC) and OperaƟons & Maintenance (O&M) contracts. As a quality assurance method, external EPC or O&M 
service contractors provide a guaranteed value of the PR, or another performance metric, that the plant will achieve during 
a contractually agreed upon performance test. These guaranteed values are enshrined in EPC and O&M contracts and 
underpinned by clauses specifying reimbursement of the asset owner in case they are not achieved during the test.  

The PR and other PV plant performance metrics are calculated from power output, solar irradiance and environmental data 
such as the temperature. These quanƟƟes are determined through measurement and are hence inherently uncertain, which 
translates to uncertainty in the performance metrics that are calculated from this data. Studies have quanƟfied the 
uncertainty in the performance raƟo to be between 2-7% (Strobel et al., 2009; Basson & Pretorius, 2016; Reise et al., 2018; 
Özkalay et al., 2022).  

 

Figure 1.2: Desert Sunlight Solar Farm, a 550 MW capacity power plant in California, USA. EsƟmated capital cost of this facility  
exceeds 800 million USD based on a capex of 1.60 USD/W. Image source: Fortune, 2016. 

CalculaƟons and decisions based on the performance raƟo are therefore significantly influenced by uncertainty, while the 
power plants they concern cost millions to hundreds of millions USD in capital to build and maintain. EsƟmaƟons calculated 
in this work show that 1% underperformance can translate to over 1 million USD in discounted foregone revenue over the 
operaƟonal lifeƟme of the powerplant. However, despite the well-documented magnitude of the uncertainty in performance  
metrics, liƩle aƩenƟon has been given to the implicaƟons of this uncertainty with respect to the financial interests connected 
to performance raƟo measurements.  

A case where this is especially relevant is during the conformity assessment to the previously menƟoned performance 
guarantees defined in EPC and O&M contracts. These assessments involve comparisons between the guaranteed PR and an 
uncertain measured PR, with potenƟal liquidated damages (in the range of millions of USD) determined by the value of this 
measured PR. Specifics of these tests can vary on a case-to-case basis. However, no invesƟgaƟons have been done into how 
measurement uncertainty affects various types of contractual agreements and their assessment accuracy, what the financial 
risk due to uncertain PR measurements is for the parƟes to this test and whether this risk can be reduced through accuracy 
improvements. 
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Furthermore, previous studies quanƟfying the uncertainty in performance metrics, including the cited publicaƟons on the 
PR, are based upon flat-percentage uncertainty esƟmates for pyranometer measurements, taken to be between 2-5%. While 
pyranometer measurement uncertainty for daily irradiance indeed falls within these esƟmates (Hukx, n.d.-a; Konings & Habte, 
2015), the uncertainty of a pyranometer is in reality composed of many different sources contribuƟng to the total uncertainty. 
These contribuƟons are not all idenƟcal either, some sources contribute to the total more significantly than others. At present, 
no studies have done an assessment on how these individual pyranometer uncertainty sources contribute to the total 
uncertainty in the performance raƟo. A calculaƟon that keeps individual uncertainty sources explicit has mulƟple advantages. 
It can for instance be used to compare the achievable uncertainty in PR using pyranometers of different specificaƟons, and 
to inform the most promising avenues of improvement in current state-of-the-art pyranometers. 

This study aims to add to the exisƟng literature in two ways. First, by performing methodological uncertainty calculaƟons 
that keep explicit the different internal pyranometer uncertainty sources, with the purpose to obtain insight into the most 
significant contributors. Second, by analyzing the current performance guarantee conformity assessment pracƟces in 
industry in the context of financial risk for the involved parƟes due to measurement uncertainty. The potenƟal improvements 
idenƟfied and quanƟfied through the uncertainty calculaƟons can then be placed in this pracƟcal context. Together, this will 
provide insight in the financial uncertainty in acceptance tesƟng that allows for beƩer-informed decisions to be made in tests 
to performance guarantees, and to quanƟfy the importance of measurement uncertainty to the interests of stakeholders in 
these tests: asset owners, EPC contractors and O&M contractors. 

 

The literature gap that this work aƩempts to bridge is in a mulƟdisciplinary intersecƟon of uƟlity-scale PV legal pracƟces, 
state-of-the-art irradiance measurement technology, PV system performance assessment standards and the mathemaƟcs of 
uncertainty propagaƟon and financial risk assessment. Therefore, it is important to establish an understanding of the uƟlity-
scale PV industry: its common pracƟces, relevant standards and important stakeholders, with special aƩenƟon for the 
importance of irradiance measurements to the industry. This sector analysis is the theoreƟcal basis for many aspects of this 
work and allows the research topics to be placed in the context of the uƟlity-PV industry at large as we proceed to bridge the 
gap. 

The sector analysis is in large part based upon a review of published literature on these maƩers. Specific aƩenƟon will be 
given to the role and structure of performance metrics and performance guarantees in industry. This analysis will be 
accompanied by a small set of interviews with experts from the solar PV industry, that serve to verify and expand upon the 
findings of the literature study. 

The uncertainty calculaƟons of the PR are performed following the methodology prescribed by the Guide to the Expression 
of Uncertainty in Measurement by the Joint CommiƩee for Guides in Metrology (JCGM, 2008). Some assumpƟons and 
approximaƟons are made with respect to the calculaƟon methodology and uncertainty characterisƟcs, which will be 
discussed in further detail in chapter 3.  

Uncertainty sources affecƟng PR measurements will have uncertainty magnitudes taken from relevant standardized 
specificaƟons where possible, and esƟmated from literature otherwise. Notably, the specificaƟons for pyranometer 
uncertainty will be taken as the ISO 9060 class A specificaƟon, which is the most accurate class defined in this authoritaƟve 
standard for pyranometer measurement specificaƟons. A comparison will be performed against the specificaƟons of a state-
of-the-art commercially available pyranometer, the Hukx SR300-D1. This work has been performed in collaboraƟon with Hukx 
Sensor Technology, who are market leaders in solar irradiance measurement equipment. Their technical experƟse supported 
proper implementaƟon of relevant uncertainty sources and helped interpret the results of the uncertainty calculaƟons. 

The results of the uncertainty calculaƟons will be placed in the context of conformity assessment to, and damages associated 
with, performance guarantees. This includes calculaƟons of the probability of passing various acceptance tesƟng clauses 
idenƟfied from literature, the expected payable damages and value-at-risk for the EPC and O&M contractors in these tests, 
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and the expected errors in the owed damages. The calculaƟons will also explicitly quanƟfy  financial risk reducƟon for EPC 
and O&M contractors resulƟng from higher-accuracy solar irradiance measurements. 

The results will be combined and analyzed in a discussion, which will also restate and reflect upon the important 
methodological assumpƟons, comment on the limitaƟons on the applicability of this study to the greater uƟlity-PV sector 
and the potenƟal avenues for future research. 

The research quesƟon and subquesƟons that we aim to answer through this methodology are stated as follows: 

RQ: What is the influence of individual uncertainty sources in state-of-the-art pyranometers to the uncertainty of uƟlity-scale 
solar PV plant performance metrics, specifically the performance raƟo, and what are the most impacƞul avenues for 
pyranometer improvement? 

S1: Where are solar irradiance measurements of importance in the lifecycle of a uƟlity-scale solar PV power plant? 

S2: Which metrics are used to determine the performance of solar PV power plants, and for which purposes are performance 
metrics used in industry? 

S3: Which sources of uncertainty consƟtute the total uncertainty in the performance raƟo, what is their relaƟve weight and 
what are the most promising areas of improvement? 

S4: How is uncertainty in performance metrics included in decision-making by industry? 

The findings of the literature review are presented in chapter 2, which includes an outline of the lifecycle of uƟlity-scale solar 
PV power plants, compiled findings on important contractual arrangements and performance assessment methods, 
measurements and standards. Important foundaƟonal definiƟons on the interpretaƟon of measurement uncertainty are 
given, and the current role and knowledge gaps with respect to measurement uncertainty in the solar PV industry are 
discussed. 

The research methodology is outlined in chapter 3, which includes an outline of the sector analysis methodology and 
interview strategy, the uncertainty calculaƟon methodology and the mathemaƟcal basis of the financial calculaƟons 
performed in this work. The results for the sector analysis and the uncertainty and risk calculaƟons are presented in chapter 
4. 

A discussion of this work is given in chapter 5, that includes an interpretaƟon of the methodology and results, an assessment 
of limitaƟons of the applicability of this work and recommendaƟons for future research. A conclusion is given in chapter 6.  

Three appendices are aƩached to this work. Notably, appendix C provides a link to the GitHub repository containing the 
python code used for the uncertainty calculaƟons, with an accompanying user manual. 
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2. TheoreƟcal Background 

2.1 UƟlity-Scale Solar PV Power Plants 

Solar PV power generaƟon has the uncommon characterisƟc in the fact that it can be generated cost-effecƟvely from the 
scale of a couple waƩs, for instance using an integrated panel in a watch or calculator, to the scale of gigawaƩ power plants. 
In this work, we will focus on uƟlity-scale solar powerplants. The term “uƟlity-scale” has no strict definiƟon, but  is rather an 
umbrella term used in industry to refer to large plants. Various different definiƟons are employed in literature, with the term 
usually referring to plants with an installed capacity greater than 1-5 MW (NREL, 2018; Seel et al., 2024; Wolfe, 2013). In 
some cases, no strict definiƟon is given at all. In this research, we simply use it to refer to megawaƩ-scale ground-mounted 
solar PV powerplants. 

2.1.1 The Solar Power Plant Lifecycle 

The development cycle of solar PV powerplants is in many ways similar to other large energy infrastructure projects. Usually, 
there is a company or consorƟum looking to build a solar power plant that drives the early development stage. This party 
performs site prospecƟng, acquires relevant permits, designs the power plant, signs agreements with relevant contractors 
and secures financing for the project. AŌer the development stage, the plant is built by the engineering, procurement and 
construcƟon (EPC) contractor. Once construcƟon is finished and the build-quality of the plant is verified, the plant enters into 
regular operaƟons under the porƞolio of the final asset owner. During operaƟons, the asset owner usually outsources plant 
operaƟons and maintenance (O&M) to a dedicated contractor. UƟlity-scale solar PV powerplants have a regular operaƟonal 
lifeƟme of around 20-30 years (CurƟs et al., 2021), although this is dependent on environmental condiƟons and maintenance 
quality. 

We will divide the powerplant lifecycle in three phases, the pre-construcƟon, construcƟon and post-construcƟon/operaƟonal 
phase. We will briefly overview these phases and the role of solar irradiance measurements therein. This secƟon is not a 
detailed review of solar power plant construcƟon, operaƟons, assessment and finance. For a comprehensive discussion of 
these topics we refer to a publicaƟon from the InternaƟonal Finance CorporaƟon (2015). A visualizaƟon of the lifecycle model 
outlined in this secƟon is provided in figure 2.1. 

 

Figure 2.1: Diagrammatic representation of the solar PV power plant lifecycle. The upper bars denote the phase of the lifecycle, the secondary 
bars the important activities during the phase, the third bar denotes the main driver of the activities during the phase, and the grey blocks list 

important activities conducted during each phase. 
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During the pre-construcƟon phase the project developer is the main driver. The developer aims to build a business case 
which is deemed ‘bankable’ by investors. In general terms, this means that the necessary permits should be obtained, 
contracts with the land owner, grid operator, power off-taker, EPC and O&M contractors should be negoƟated, plant design 
and implementaƟon plan should be finalized and a bankable financial model should be prepared by the project developer. 
This comprehensive documentaƟon is necessary for raising the required debt and equity from investors and money lenders 
during the main financing round, as financers require detailed reports on projected costs and cash flows for their risk analysis 
on the prospecƟve investment. 

It is common pracƟce to include an energy yield assessment with the business case. An energy yield assessment is the usage 
of weather data over an extended period to calculate an esƟmated energy yield of the prospecƟve power plant. Usually, the 
weather data comprises a historical weather satellite dataset and data from a ground measurement campaign. The ground 
measurements typically last a full year, to capture the enƟre range of seasonal condiƟons and is combined with historical 
satellite data (for instance from the preceding 20 years) to ‘calibrate’ or adapt the satellite data to the site under 
consideraƟon (Cebecauer and Suri, 2016; Polo et al, 2016). This calibrated dataset is then used to extrapolate expected 
energy yield over the expected plant lifeƟme. Combining satellite and ground data helps to average out meteorological 
anomalies that may occur during the field campaign, while helping to calibrate the usually less accurate satellite data to the 
site condiƟons. The extrapolated irradiance forecast is used as input for the computaƟonal model of the powerplant to help 
refine power plant design and to obtain energy yield projecƟons. 

Once design, contracts and financing are finalized, the construcƟon of the plant commences. During the construcƟon phase, 
the chosen EPC contractor is the main driver of the project and is assigned the task to carry out detailed engineering, 
component and labor acquisiƟon, and oversee construcƟon and maintenance. AddiƟonally, the EPC contractor assumes the 
responsibility to deliver the power plant at a fixed budget, before a fixed deadline and with a performance guarantee for the 
completed power plant (PWC, 2024). AŌer construcƟon is completed a there is a transiƟonary period during which the 
performance of the power plant is verified. We will discuss the technicaliƟes of performance assessment in-depth in secƟon 
2.2, but usually this performance tesƟng is  two-step process. First, upon compleƟon of the project a capacity test lasƟng a 
few days is performed, and second an energy yield test is performed lasƟng a couple months to a few years.  

Only aŌer the plant passes both of these tests is the final payment to the EPC contractor is released, although operaƟonal 
responsibility of the powerplant is usually transferred to the owner aŌer the first test is passed. Who this owner is depends 
on the exact financing structure of the project. In any case, operaƟons and maintenance (O&M) of the plant will usually be 
performed by a dedicated O&M contractor. The O&M contractor is responsible for conƟnuously monitoring plant 
performance and ensuring efficient operaƟon. Generated energy will be bought by the power off-taker according to the 
agreed upon terms in the power purchase agreement (PPA). Meanwhile, the asset owner is responsible for the greater 
strategic management decisions related to revenue maximizaƟon, retrofiƫng and end-of-life decommissioning. End-of-life 
of solar power plants is usually reached aŌer a period of 20 to 30 years (CurƟs et al., 2021), although this can be dependent 
on environmental condiƟons. 

 

The above is but a brief overview of the complicated process of uƟlity-scale solar PV development, construcƟon and 
management. We will treat specific secƟons of this lifecycle in more detail in the coming secƟons, but for now let us make 
some general comments on this model.  

First of all, the three phases disƟnguished here do not have strict boundaries. RealisƟcally, engineering work and 
procurement of components, as well as preliminary construcƟon work, may already start before the development phase is 
truly “finished”. Similarly, regular plant operaƟons may commence before mechanical construcƟon of the full plant is finished 
(when secƟons are connected to the grid while others are already being built). In addiƟon, the plant enters regular operaƟons 
prior to passing the final acceptance test, which is primarily a legal process.  
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Secondly, there is not always a strict division of responsibiliƟes in this process. Many companies are verƟcally integrated, 
assuming some or all responsibiliƟes related to development, financing, EPC, O&M and asset ownership. This integraƟon can 
have implicaƟons on how certain elements of the development process take shape. For instance, if the EPC contractor is also 
the final owner, acceptance tesƟng may be less stringent compared to turnkey projects (where the EPC contractor and final 
asset owner are two different enƟƟes). Horizontal integraƟon is also possible, e.g. in the case where a uƟlity company 
develops a solar PV plant in-house, in which case a PPA may not be applicable. 

Moreover, not all relevant parƟes involved in the development process are included here. Some specific acƟviƟes, such as 
energy yield assessment, may be outsourced to dedicated third-parƟes which are not menƟoned in this secƟon. A complete 
supporƟng ecosystem of specialized service providers exists that may, or may not be, involved during various stages of the 
sketched lifecycle model. 

The above examples aim to illustrate the vast amount of variaƟons of the lifecycle that realisƟcally exist. The rudimentary 
model presented here is meant to provide context to common pracƟce in the uƟlity solar PV lifecycle which are of interest 
to this study, specifically moments where solar irradiance measurements are of importance. 

 

2.1.2 Common Contractual Arrangements in UƟlity Solar PV 

Now that an outline of the solar PV lifecycle has been established, let us elaborate on some important common contractual 
arrangements that are entered into during solar PV development as they are described in literature. Relevant to this research 
are the EPC and O&M contracts, and the PPA. This secƟon will not include all aspects of these contracts but will instead treat 
specific parts relevant to this thesis. Full reference readings are provided for each contract type. 

Engineering, Procurement and ConstrucƟon Contracts 

The EPC contract codifies the obligaƟons of the EPC contractor and the payment regulaƟons for the delivered services. It 
contains component such as Ɵmelines, performance guarantees, payment structure and legal conƟngency clauses. For 
extended reading we refer to the publicaƟons on which this secƟon is based, by the IFC (2015), Stoel Rives LLP (2022), PWC 
(2024) and SolarPower Europe (2021). 

Usually, the power plant design is already decided up to a certain level of detail before the EPC contractor takes control of 
the project. Elements like array posiƟons, Ɵlt angles, inverter substaƟon locaƟons and grid connecƟon points may already be 
fixed, and potenƟally there are specificaƟons on the type or brand of components, such as modules or measurement 
equipment, that may be installed. However, there oŌen remain some degrees of freedom along which the EPC contractor 
can make decisions and try to maximize its profit margins.  

An important part of EPC contracts is the payment structure. We will refer to the total payment made to the EPC contractor 
over the contract duraƟon as the ‘contract price’ or ‘contract value’. AŌer an advance payment to cover iniƟal costs for the 
EPC contractor, subsequent payments are released upon achieving specific milestones, such as when certain secƟons of the 
power plant are connected to the grid. Once all construcƟon work is finished the project will have reached mechanical 
compleƟon and a provisional acceptance test is performed. Depending on contract specifics, a payment may be Ɵed to 
passing this test. However, the final payment to the EPC contractor is only released aŌer the plant has passed the final 
acceptance test, which may take as long as 2 years and can therefore also be viewed as a ‘warranty period’.  

According to literature, the payment Ɵed to passing this final test can be as high as 5-15% of the total contract value (PWC, 
2024; SolarPower Europe, 2021). However, in case a project fails to pass the final acceptance test this does not mean the 
final payment is withheld by definiƟon. Instead, there are clauses in place that define the liquidated damages that are owed 
by the EPC contractor to the asset owner, usually calculated to cover the net present value of the foregone energy yield over 
the plant lifeƟme due to the lower performance (IFC, 2015; SolarPower Europe, 2021). Moreover, in cases of severe 
underperformance the asset owner can retain the right to reject the constructed power plant in its enƟrety, and recover all 
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project costs on the EPC contractor. The specifics of these processes are contractually dependent and may differ on a case-
to-case basis. 

 

Figure 2.2: SchemaƟc illustraƟon on the transiƟon process between the construcƟon and post-construcƟon phase. The transiƟonary period 
commences once mechanical construcƟon is completed. This representaƟon is illustraƟve purposes; variaƟons on this model exist. 

Although a full treatment of solar PV plant performance assessment is postponed to secƟon 2.2, the topic is strongly Ɵed to 
the acceptance tesƟng process. In general terms, however, the parƟes entering into the EPC contract agree upon specific 
performance metrics to be used in the tesƟng process as well as minimal values the measured metrics must meet for the 
plant to pass the tests. The power output and various environmental factors required for calculaƟng the agreed performance 
metric are then measured over an agreed amount of Ɵme, and the achieved performance is compared to the contractually 
agreed upon performance. If the plant does not pass the test, the clauses outlining damages owed to the asset owner will 
be triggered. Otherwise, the contractually agreed upon payment to the EPC contractor will be released. 

As stated, there is usually a iniƟal acceptance test lasƟng a few days (aŌer which a provisional acceptance cerƟficate, or PAC, 
is issued) and a general acceptance tests lasƟng 1-2 years (to which the final acceptance cerƟficate, of FAC, is Ɵed). The iniƟal 
acceptance test usually tests whether the plant meets capacity expectaƟons and is therefore performed on days where there 
is sufficient solar irradiance. The final acceptance test includes all days over an extended period, such that it covers a full 
range of meteorological condiƟons. 

Not all uƟlity-scale PV projects include ECP contracts, acceptance tests and damage payments. Some companies are verƟcally 
integrated along the value chain and perform EPC work in-house, in which case acceptance tesƟng is an internal quality 
assurance process. The contracts outlined in this secƟon are a staple of turnkey development projects, where the EPC work 
is performed by a dedicated external contractor. Literature indicates that this is the most common type of uƟlity-scale PV 
development project, although no exact quanƟficaƟons of this claim are provided (IFC, 2015; PWC, 2024).  

 

OperaƟons and Maintenance Contracts 

This secƟon is based on publicaƟons by the IFC (2015), NaƟonal Renewable Energy Laboratory (NREL, 2018), the InternaƟonal 
Energy Agency Photovoltaic Power Systems Programme (IEA PVPS,2022), SolarPower Europe (2025) and the Solar Bankability 
Project (2016). 

The O&M contract specifies the scope of services provided by the O&M contractor and the indicators by which maintenance 
quality is defined. O&M service contractors handle the monitoring of data streams, coordinaƟon with the grid operator, 
prevenƟve and correcƟve maintenance, plant performance opƟmizaƟon, regular reporƟng to the asset owner and other 
tasks specific to local environmental condiƟons. PrevenƟve maintenance concerns tasks such as inspecƟons and cleaning, 
correcƟve maintenance concerns fault diagnosis and (emergency) repairs. 

During operaƟons there are various different KPIs to monitor plant performance and maintenance quality. A comprehensive 
overview of these is provided in the publicaƟon by SolarPower Europe (2025). Common KPI’s which are tracked include 
dedicated PV system performance metrics (to be discussed in secƟon 2.2.1), plant availability (operaƟonal upƟme of the 
plant compared to total available operaƟng Ɵme) and response Ɵme (the Ɵme between a fault occurring and the arrival of a 
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technician). According to literature, service quality is oŌen contractually specified through guaranteed values of these KPIs 
that the service provider will achieve, such as a minimal plant availability or a minimally achieved performance raƟo (see 
secƟon 2.2.1). The KPI’s are evaluated over regular intervals, for instance on a yearly basis.  

O&M contracts also contain clauses determining the damages to the plant owner in case the service provider falls short on 
a specific guarantee. Literature menƟons two ways of determining the amount of owed liquidated damages, either seƫng it 
equal to the value of the missed energy yield due to plant underperformance or as a fixed payable amount per percentage-
point underperformance with respect to the relevant metric. Note that these clauses bear great similarity to how liquidated 
damages in EPC contracts are defined. 

It is stated in the aforemenƟoned literature that the specific service quality KPI’s tend to differ on a contract-to-contract basis. 
For instance, guarantees with respect to PV plant performance metrics such as the performance raƟo tend to meet resistance 
from third-party O&M providers, since plant performance is in large part determined by the construcƟon quality of the plant. 
In case the O&M provider is not the same company as, or affiliated with, the EPC contractor, they are typically unwilling to 
assume responsibility in this regard. 

The publicaƟon by SolarPower Europe (2025) explicitly states a shiŌ away from plant performance guarantees in the third-
party O&M market, in favor of O&M-specific KPI’s such as plant availability. The publicaƟon menƟons that instead contracts 
warrant an invesƟgaƟon if the plant performance decreases below a certain threshold, without immediate financial 
consequences for the O&M contractor. According to NREL (2018) and SolarPower Europe (2021), outsourcing O&M acƟviƟes 
to dedicated third-parƟes is common industry pracƟce, since these can deliver cheaper services by leveraging economies of 
scale. 

 

Power Purchase Agreements 

The power purchase agreement is a contract between the owner of the powerplant and the grid operator or uƟlity company 
purchasing the generated electricity. PPAs specify the amount of power to be delivered to the grid and the price at which 
this power is purchased, among other clauses. They are important to project developers since they provide a basis for the 
projected incoming cash flows of a project, thereby reducing the financing risk for investors. 

MulƟple different types of PPAs exist, see for instance MiƩler et al. (2025) and the report by Baringa Partners LLP (2022), but 
a broad disƟncƟon can be made between physical PPAs and financial or virtual PPAs.  

In a physical PPA, the asset owner and uƟlity company agree upon an amount of energy that must be delivered to the grid 
and a fixed tariff to be paid per delivered kWh or MWh of energy. For energy sources reliant on unpredictable external factors 
such as solar PV, the agreed upon amount of energy to be delivered is typically defined as a range in which the total annual 
energy delivery must fall. The agreement also contains clauses when the total delivered energy falls outside this specified 
range. In case of overproducƟon, the oŏaker usually retains the opƟon to purchase excess produced energy at a specific 
tariff, which may or may not differ from the regular tariff. Only if the oŏaker elects to forego this opƟon is the asset owner 
allowed to sell the excess producƟon on the market. In case of a shorƞall in energy yield, the oŏaker is owed reimbursement 
for the energy that was not delivered equal to the yield deficit Ɵmes an agreed upon tariff. 

The electricity pricing of physical PPAs is typically subject to an escalaƟon clause to account for inflaƟon. Assuming an annual 
inflaƟon rate of 2% and a contract term of 25 years, the net present value of a fixed tariff in the last year of the contract is 
discounted to approximately 60% of its value in the first year. This is counterbalanced by applying an annual escalaƟon rate 
to the agreed-upon tariff. This escalator can be a fixed percentage specified in the contract or coupled to an inflaƟon or price 
index. 

In a financial PPA, the asset owner sells the produced energy directly to buyers on the electricity market. These types of PPA 
are someƟmes also referred to as virtual PPAs, because even though the electricity is sold to a specific buyer, the energy is 
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sƟll delivered to the electricity grid; no physical delivery of electricity to the buyer takes place. Financial PPAs allow asset 
owners to sell their generated electricity against market price, which gives them agency to try to increase their revenue with 
a trading strategy. This works both ways, however, and can also result in a loss compared to a fixed price physical PPA.  

An important aspect in PPAs is the handling of curtailment, which is the deliberate reducƟon of energy producƟon below 
maximally achievable producƟon. Modern energy grids notoriously suffer from congesƟon issues during peak hours. Grid 
operators therefore may instruct asset owners to limit, or curtail, their energy producƟon. However, curtailment can also be 
caused by the oŏaker’s bidding strategy on the energy markets. Naturally, the seller wants to be compensated for curtailed 
producƟon. OŌen, a disƟncƟon is made between curtailment of voluntary and involuntary nature; curtailment due to oŏaker 
market strategy will have to be compensated, while curtailments due to grid congesƟon are allocated to the seller (Stoel 
Rives LLP, 2022). Curtailment handling is understandably a topic of difficulty in PPA negoƟaƟons, thus the exact terms can 
differ on a case by case basis. 

Beyond pricing and annual producƟon specificaƟons, PPAs may require the seller to provide the grid operator a detailed 
intra-day and day-ahead energy producƟon forecast. These forecasts help the grid operator to facilitate stable grid operaƟon 
condiƟons. DeviaƟon from this forecast may result in fines to be imposed on the asset owner.  

As a final remark, PPAs signed during the development phase oŌen specify a commencement date at which the seller will 
need to start delivering energy to the grid, and contain clauses for maximal installaƟon downƟme, and the asset owner may 
incur fines in case these requirements are not met. Thus, while providing certainty with regards to projected cash flow and 
hence debt service coverage to investors, there is added risk to the developer in case construcƟon fails to complete on Ɵme. 
The developer may in turn try to shiŌ this risk to the EPC or O&M contractors in the respecƟve contracts. 

 

2.1.3 Technical Background of Solar PV 

In this secƟon we will discuss the main components of solar PV power plants, major variaƟons that exist in plant design, 
factors impacƟng power generaƟon and recent technological developments in the uƟlity-scale solar PV industry. 

A uƟlity-scale solar PV power plant usually consists of many rows of metal racks on which solar PV modules are mounted. 
The modules on these racks are angled to catch the maximal amount of solar irradiaƟon as possible. The angle of the modules 
with respect to the surface is called the Ɵlt angle. Sets of modules are connected in series to form strings, strings are 
connected in parallel to form arrays. The plane in which all modules of an array are angled is also called the plane of array. 
Solar PV modules deliver direct current, which is converted to alternaƟng current by inverters, this is usually done at the level 
of strings or arrays. The generated power is delivered to the grid as alternaƟng current. 

Solar PV modules consist of a mulƟtude of solar cells, which convert solar radiaƟon to electrical energy. A solar cell is a 
semiconducƟng material doped to become a pn-juncƟon, where the excitaƟon of electrons (i.e. creaƟon of electron-hole 
pairs) caused by light absorpƟon causes a charge spliƫng between the p- and n-doped regions. The separaƟon of charge 
carriers causes a potenƟal to build inside the solar cell, which causes a current to flow from one side to the other when the 
two sides are short-circuited. This current can be used to perform useful work by connecƟng a load to this circuit. The 
characterisƟcs of a solar cell are in large part defined by the used semiconductor and doping levels. Modern solar cells use 
highly specific semiconductors to maximize efficiency or to opƟmize other qualiƟes of the module.  

TradiƟonally, solar PV modules were direcƟonal, with only one side being able to catch incident light and convert it to energy. 
However, modern technology has enabled specific modules to also catch and convert irradiance incident on the back of the 
solar module. This has further increased the efficiency of modern solar PV modules. However, not all PV systems employ 
such modules, since they can be more expensive and the addiƟonal yield from the back of the module may be deemed 
insignificant. 
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Another method which has been developed to maximize yield is by placing PV modules on tracker systems that ensure the 
PV modules are always oriented to capture as much irradiaƟon as possible. However, solar tracking may lead to shading of 
PV modules by modules in the next array. To miƟgate this, arrays may need to be placed further away from each other, thus 
increasing the amount of land required for the plant. 

The efficiency at which solar PV modules convert incident light to electrical energy is dependent on several factors. Prominent 
among these are the module’s spectral sensiƟvity and its temperature. The efficiency at which a PV module can convert an 
incident photon to electrical energy is dependent on the wavelength of this photon. The funcƟon of the conversion efficiency 
with respect to photon wavelength is called the module’s spectral responsivity and is largely determined by the specific 
semiconductor used in the solar cells. Module temperature negaƟvely influences the PV module’s efficiency over the enƟre 
spectrum. The sensiƟvity to temperature is again determined by the physics of the semiconductor used in the cells. Notably, 
PV modules intrinsically heat up when converƟng light to electrical energy. The temperature, and thus efficiency, is thus 
determined by PV cell properƟes, ambient temperature, available irradiance and the wind speed (wind helps modules lose 
thermal energy by facilitaƟng convecƟon). 

 

2.1.4 The Uses of Solar Irradiance Measurements  

The applicaƟons of solar irradiance measurements in the solar PV industry can be broadly divided in two categories: to 
calculate plant performance metrics and to inform forecasƟng models that calculate future irradiaƟon. Plant performance 
metrics and irradiance forecasts are subsequently used for a great variety of purposes at different stages of the plant lifecycle, 
which will be summarized in this secƟon. This secƟon will not treat the inclusion of uncertainty, this is postponed to secƟon 
2.4.1. 

Performance Metrics: OperaƟonal Decisions and Quality Guarantees 

A detailed treatment of different performance metrics and their calculaƟon methods is presented in secƟon 2.2. However, a 
common characterisƟc of PV system performance metrics is that they perform a comparison between the realized energy 
yield of a plant over a considered period to the expected yield over this period, given knowledge on the solar irradiaƟon 
incident on the plant. Hence, PV performance metrics lend themselves to be interpreted both as an overall efficiency 
coefficient as well as a tool to calculate expected yield of the plant at a given irradiance.  

As an efficiency coefficient, they are used by plant owners to monitor the performance of their asset over its lifeƟme. Over 
Ɵme the performance of a plant will decrease due to ageing of the components, called degradaƟon. Performance metrics 
allow to quanƟtaƟvely keep track on the rate of degradaƟon over Ɵme. Asset owners can use the informaƟon on overall 
degradaƟon of the power plant to inform decisions such as retrofiƫng or commissioning end-of-life, or start an inquiry in 
case degradaƟon is occurring at a higher rate than expected. Similarly, they are used by O&M providers to inform smaller-
scale maintenance decisions. The maintenance provider can idenƟfy underperforming secƟons of the powerplant by 
invesƟgaƟng performance metrics, or by comparing solar irradiance measurements directly with other datastreams, at sub-
system level. 

Performance metrics are also of importance in calculaƟng the financial value of a power plant in case it is sold or the company 
that owns it is involved in a merger with or acquisiƟon by another company and requires a valuaƟon of its assets. 
Performance metrics can then be used in combinaƟon with an solar irradiance forecast to more accurately calculate the 
remaining energy yield over the remaining plant lifeƟme, potenƟally even including the empirical degradaƟon rate 
determined using said metrics. The adjusted expected yield is then used in the discounted cash flow calculaƟons on which 
actual plant valuaƟons are based. 

Finally, PV performance metrics are used in the form of contractually specified guarantees in EPC and O&M contracts. As was 
discussed in secƟon 2.1.2, such contracts specify a guaranteed value of a certain performance metric that must be surpassed 
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during a post-construcƟon acceptance tests or in annual maintenance service quality assessments. In case the contractually 
agreed-upon guaranteed value is not achieved, liquidated damages are owed to the asset owner by the EPC or O&M 
contractor, with an amount typically proporƟonal to the degree of underperformance. This is the applicaƟon in which context 
we will study measurement uncertainty, as stated in the introducƟon. However, a treatment of how uncertainty affects 
performance guarantees and their conformity assessment is postponed to secƟon 2.4. 

 

Irradiance Forecasts: Yield Assessments, ProducƟon Scheduling and Profit MaximizaƟon 

Irradiance forecasƟng over long- and short-term are the second important purpose of irradiance measurements.  

During the pre-construcƟon phase, irradiance measurements play an important role in site prospecƟng and the pre-
construcƟon energy yield assessment. ProspecƟng usually comprises of invesƟgaƟng the available solar resource at 
prospecƟve sites through widely available historical meteorological satellite data. Examples of such (publicly available) 
datasets and a relaƟve accuracy comparison can be found in AlFaraj et al. (2024). These datasets oŌen contain 15-minute to 
hourly data of a grid with spaƟal resoluƟon of a few kilometers stretching back 10-40 years. Once a site is selected, opƟonally 
an energy yield assessment is conducted to obtain projecƟons on energy yield thereby cashflow over the project lifeƟme. 
While energy yield assessments can be done using exclusively satellite data, including ground data from a (usually 1-year 
long) field campaign increases the accuracy of the esƟmate. For further reading on this methodology we refer to Habte et al. 
(2024), Cebecauer & Suri (2016) and Polo et al. (2016).  

The philosophy of pre-construcƟon energy yield assessments is that they allow projected cash flow models to be based on 
realisƟc historical data. Providing a factual basis for these models helps the project developer build a bankable business case 
to be presented to potenƟal investors. However, numerous other factors influence whether a business model is considered 
bankable: developers are required to provide the financers with detailed technical plant layouts, comprehensive lists of 
required components, a detailed financial model with moƟvated inputs (among which is the energy yield assessment), risk 
miƟgaƟon plans, and a full documentaƟon of finalized contracts and permits. Bankability of a business model is not 
exclusively determined through the energy yield assessment. However, the energy yield assessment is of great significance 
to the projected cash flow and hence is an important factor that affects the amount of funding that can be raised, where 
higher accuracy forecasts provide lower risk for the financer. 

Post-construcƟon, short-term irradiance forecasts are of interest to PV asset managers for day-ahead producƟon scheduling 
and for intra-day profit maximizaƟon. UƟlity companies typically require an energy producƟon schedule for grid-connected 
power producing faciliƟes in order to ensure safe and stable grid operaƟons. DeviaƟons from this schedule may cause fines 
to be imposed on the asset owner. Short-term irradiance forecasts help the plant operator to accurately esƟmate producƟon 
in the short term. 

The exponenƟal growth of the solar PV industry has resulted in smaller profit margins. PV power is a highly variable source 
of energy, and PV plants in the same geographical region will experience peak producƟon hours and nighƫme hours at 
(roughly) the same Ɵme. This variability in electricity supply has caused a commensurate increase in electricity price volaƟlity, 
with the prices on the energy market being minimal at Ɵmes where PV power producƟon is maximal. The drive for profit 
maximizaƟon has led to recent integraƟon of co-located baƩery energy storage systems (BESS) at PV power plants, that allow 
to store energy when market prices are low and sell at a later Ɵme when prices are high. This has given rise to a novel 
technological field in which irradiance forecasts are combined with mathemaƟcal energy market trading models with the 
ulƟmate aim to maximize profit. For further treatment of this topic, see for instance the trading model proposed by Visser 
et al. (2024) or the study by Campos et al. (2022).  

Short-term irradiance forecasƟng is a developing technological field that employs satellite- and ground-based irradiance data, 
numerical weather predicƟon models and more recently machine learning algorithms to obtain accurate forecasts. The 
recent publicaƟon by Di Leo et al. (2025) provides an overview of recent technological advancements in this field. 
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2.2 Performance Assessment in UƟlity-Scale Solar PV Power Plants 

In secƟon 2.1 we discussed the involved process of development, construcƟon and operaƟons of uƟlity-scale solar PV plants 
as well as the significant financial interests of various stakeholders. We saw that performance assessment of PV plants plays 
an important role in post-construcƟon acceptance tesƟng and operaƟons monitoring.  

Accurate performance assessment of solar PV power plants is a complicated endeavor which requires defining a suitable 
performance metric, the acquisiƟon of power, solar and environmental data and a criƟcal analysis of their uncertainty. 
StandardizaƟon agencies have developed performance assessment standards to  facilitate accurate and homogeneous 
performance assessment in the industry. SƟll, mulƟple standards exist that define different performance metrics. 
Furthermore, PV plant owners are not required to employ these standards and may instead opt to use their own standards. 
This has led to slightly fracƟous performance assessment pracƟces throughout the industry. 

In this secƟon, we will discuss factors influencing PV plant performance, standardized metrics quanƟfying performance, 
important quanƟƟes to measure for performance assessment, equipment with which to measure these quanƟƟes and the 
uncertainƟes associated with these measurements. We will devote aƩenƟon to the most relevant standards for PV system 
performance assessment and the performance metrics outlined therein. 

2.2.1 PV Performance Metrics 

General Philosophy of PV System Performance DefiniƟons 

Although the approaches taken by different performance assessment methods vary, something they have in common is the 
philosophy in the quesƟon they are trying to answer. All methods are trying to inform the user on how much energy the 
powerplant is generaƟng in the current environmental condiƟons, compared to what can be theoreƟcally expected or 
achieved in these condiƟons.  

This means that, in general, performance is defined as measured power output and measured irradiance (power input) 
compared to some pre-defined benchmark on expected power output at the given irradiance, with possible subsequent 
correcƟons for environmental factors. Since most performance metrics include correcƟons to environmental factors 
influencing energy output, it is instrucƟve to devote our aƩenƟon to factors that affect PV system power output before 
treaƟng the various metrics in detail. Common factors include: 

 Module temperature: solar cells become less efficient at converƟng light to electrical energy as their temperature 
increases.  

 Soiling: dirt or dust on the module surface blocks incoming irradiance. 
 Humidity: microscopic water droplets absorb, reflect and diffract light, reducing overall light intensity. This includes 

fog, dew and frost. 
 Spectral response: the efficiency of converƟng light to electrical energy is dependent on the wavelength of the light 

and the semiconductor in the PV cell; electrical energy output is dependent on the spectral response of the module 
as well as the spectral composiƟon of the incoming irradiance. 

 DirecƟonal response: PV modules are less efficient at converƟng irradiance from low angles of incidence due to the 
light being reflected.  

 System degradaƟon: degradaƟon is an umbrella term for energy conversion losses due to physical damage to the 
modules, wiring, inverters or other components over Ɵme. 

This list is non-exhausƟve but contains some of the most important factors influencing power output. A comprehensive 
review can be found in the publicaƟon about this subject by Bamisile et al. (2024). 
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Standardized PV Performance Metrics 

The most widely adopted metrics are defined in the IEC 61724 set of standards and the ASTM E2848 standard, which have 
disƟnct approaches. The metrics outlined in the IEC standard are more straighƞorward and hence will be treated first. 

The IEC 61724 standard is comprised of three documents covering a wide range of topics related to PV performance 
assessment. The 61724-1 document discusses the main performance metric and consideraƟons with regards to performance 
monitoring. It defines important technical terms, required measurements and measurement equipment, data acquisiƟon, 
processing and reporƟng requirements, calculated parameters and performance metrics. The -2 document describes a short-
term test to determine the system capacity, including tesƟng procedures and documentaƟon requirements. The -3 
documents is similar, but covers a long-term energy yield test. The -1 document provides basic definiƟons required for the 
tests outlined in the -2 and -3 documents.  

The 61724-1 document contains the definiƟon of the Performance RaƟo, or PR, which is among the most widely adopted 
performance metrics. In its basic form, the definiƟon of the PR is given as  

𝑃𝑅 =
∑ 𝑃௢௨௧,௞௞ τ௞

∑ 𝐺௞τ௞௞

𝐺ௌ்஼

𝑃଴
. (2.1) 

In this equaƟon, 𝑃out,௞ is the plant power output, 𝐺௞  is the incident plane-of-array solar irradiance and τ௞ is the duraƟon of 
measurement interval at Ɵme 𝑘. The constants 𝑃଴ and 𝐺STC are the rated plant power output and incident solar irradiance 
at standard tesƟng condiƟons (STC). The standard tesƟng condiƟons are a common definiƟon in industry, referring to a 
condiƟon with an ambient temperature of 25 °𝐶 and incident irradiance (i.e. 𝐺STC) of 1000 𝑊 ⋅ 𝑚ିଶ. The rated DC power of 
a module is the power it delivers at STC and is specified by the manufacturer. 𝑃଴ is the sum of the rated power output of all 
modules in the power plant. 

The PR is in essence a raƟo between power output and available solar power at the site, mulƟplied by a rescaling factor 
accounƟng for the efficiency of the modules at standard tesƟng condiƟons. The advantages of the PR are its straighƞorward 
nature and its exclusive dependence on measured data. The IEC 61724-1 norm provides variaƟons on the basic PR that 
account for temperature consideraƟons or that can be applied to bifacial systems. For instance, the 25 °𝐶  temperature-
corrected performance raƟo makes an adjustment for temperature condiƟons different from the 25 °𝐶 STC temperature. It 
is given by 

𝑃𝑅ଶହ =
∑ 𝑃௢௨௧,௞௞ τ௞

∑ 𝐶ଶହ,௞𝐺௞τ௞௞

𝐺ௌ்஼

𝑃଴
, (2.2) 

where 

𝐶ଶହ,௞ = γ൫𝑇௠௢ௗ,௞ − 25൯ + 1. (2.3) 

Here 𝑇mod,௞ is the module temperature at Ɵme 𝑘 and γ is the relaƟve maximum-power temperature coefficient. The variable 
γ is typically negaƟve and has units of °𝐶ିଵ, so the quanƟty 𝐶ଶହ,௞ is a dimensionless factor that essenƟally rescales to account 
for the decrease in module efficiency as its temperature increases. 

A survey conducted by the Solar Bankability Project (2016) found that asset managers someƟmes apply further correcƟons 
to the performance raƟo to account for plant availability and degradaƟon during operaƟonal lifeƟme. Assuming a guaranteed 
plant availability 𝑇avail (for instance 99% of the Ɵme) and a plant degradaƟon 𝐷 at the Ɵme of calculaƟon, the PR assumes 
the form: 

𝑃𝑅ଶହ,operational =
𝑃𝑅ଶହ

𝑇avail(1 − 𝐷)
. (2.4) 
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The IEC 61724 standard does not provide a codificaƟon for this appended performance metric, nor does it give any indicaƟon 
on measurements to determine the plant degradaƟon. 

Similar correcƟons to the performance raƟo can be performed for other loss factors, depending on whether the involved 
parƟes want to exclude specific factors from the performance assessment. 

Although the PR has many advantages, a criƟque is that it is not a very subtle metric and that it leaves many influencing 
factors out of the equaƟon. For instance, instead of simply using the power raƟngs of the employed PV modules, asset 
managers oŌen possess elaborate digital models of the power plant that they can employ for performance assessment. The 
IEC 61724 standard allows to use these models for performance assessment through the second main performance metric: 
the Energy Performance Index or EPI. The definiƟon for EPI is given in the -3 document as 

EPI = Measured Energy / Expected Energy = ൭෍ 𝑃out,௞τ௞

௞

൱ / Expected Energy (2.5) 

The expected energy is defined as the energy yield predicted by the digital model of the power plant, given the measured 
environmental condiƟons such as irradiance, temperature, humidity, etc. as inputs. The EPI has as advantage over the PR 
that it leaves full freedom to include arbitrarily complex consideraƟons to determine the expected energy output. On the 
other hand, unrealisƟc models will compare the realized energy output to unrealisƟc expectaƟons. The EPI is closely related 
to the last performance metric in the IEC standard: the Power Performance Index or PPI, which is the same as the EPI but for 
the instantaneous measured power and environmental variables instead of over a larger Ɵme interval. 

 

A second widely-adopted standard is the ASTM E2848 standard for PV system tesƟng. There is considerable overlap between 
this and the IEC norm, in the sense that the ASTM norm also prescribes requirements on measurement instrumentaƟon and 
tesƟng procedures. However, where the IEC standard calculates performance by determining a raƟo between realized energy 
output and an expected energy output given the environmental condiƟons, the ASTM E2848 standard takes an altogether 
different approach. The standard prescribes an extrapolaƟon of the power output to reference condiƟons through fiƫng the 
measured environmental variables to it with a mulƟple linear regression model, which is subsequently used to calculate a 
fiƩed reference power output using reference environmental condiƟons as input. MathemaƟcally: 

𝑃 = 𝐺(𝑎ଵ + 𝑎ଶ𝐺 + 𝑎ଷ𝑇௔ + 𝑎ସν), (2.6) 

𝑃ோ஼ = 𝐺ோ஼(𝑎ଵ + 𝑎ଶ𝐺ோ஼ + 𝑎ଷ𝑇ோ஼ + 𝑎ସνோ஼). (2.7) 

The coefficients 𝑎 are the regression coefficients, 𝐺 and 𝑇௔ are the POA irradiance and ambient temperature, respecƟvely, 
and ν is the wind speed. The subscript 𝑅𝐶 stands for ‘reference condiƟons’. The extrapolated power output can then be 
compared to an expected power output at reference condiƟons that is calculated by a computaƟonal model of the power 
plant. 

The advantage of this method is in the fact that it incorporates environmental factors like temperature and wind speed at 
baseline and is not dependent on fixed reference condiƟons, since these are allowed to be specified by the user. However, it 
is reliant upon an assumpƟon that power output at specified reference condiƟons can be linearly extrapolated from 
measured condiƟons, the validity of which is debatable.  

 

2.2.2 Measurements for Performance Assessment 

Performance calculaƟons of PV assets require gathering a large amount of data on the environmental and operaƟng 
condiƟons of the plant. The standards just discussed establish strict requirements on quanƟƟes to measure, accuracy bounds, 
measurement equipment and even on calibraƟon and maintenance of said equipment. OŌen, the standards will refer to 
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other standards in specifying these requirements. This secƟon is a brief overview of relevant quanƟƟes that are measured, 
ways in which they are measured and standards relaƟng to these measurements. An emphasis is placed on the uncertainty 
of the measurement equipment. 

Before we conƟnue, it is important to understand that the standards discussed in this secƟon oŌen define an ordinal 
classificaƟon system with increasingly stringent requirements. For instance, the IEC 61724-1 document outlines class A and 
class B monitoring systems, where class A systems are more accurate and comprehensive but require a greater investment 
on the user’s part. In this secƟon we will treat all classes outlined by a standard where applicable. 

Power Output 

ConƟnuous output measurements are required to esƟmate the yield of the PV system under consideraƟon. PV modules 
capture solar radiaƟon which causes a voltage, that in turn drives a DC current. This DC current passes through a transformer 
to tune the IV characterisƟc for opƟmal power producƟon. AŌerwards, the DC current is fed into an inverter that transforms 
it to AC current. The combined AC current of the enƟre power plant is then delivered to the grid. 

Plant design varies on where the current generated by the strings is aggregated before delivery to the grid. In centralized 
inverter design, all generated DC currents are combined and fed into a single large inverter that delivers a single AC output. 
While economical due to the expensive nature of inverters, this design has an obvious vulnerability with respect to the 
availability of this singular inverter. In string inverter design, the DC output current is converted to AC by individual inverters 
at string-level, and delivered to the a plant-level AC grid, from which it is subsequently delivered to the central grid. This has 
the advantage that there is no crucial dependence on a single component, but comes at a greater monetary investment due 
to the expensive nature of inverters. For further reading on the subject of powerplant design we refer to Villacorta and 
Victoria (2024). 

The term ‘power generated by a solar PV system’ merits some deliberaƟon: is it the DC power fed into the inverter, is it the 
AC power that is delivered by the inverter or is it the AC power delivered to the grid? Power losses occur during the journey 
from the modules to the grid: resisƟve cabling losses and inverter losses most prominently. The locaƟon at which power 
output is defined dictates which are part of the system, and which should be accounted for.  

The ASTM E2848 norm leaves this choice to the user, while the IEC 61724 norm explicitly defines the use of AC power in 
performance assessment. In this thesis we will understand output power as the total AC output power of a plant, as in the 
IEC standard.  

The IEC 61724 standard defines the power metering equipment to be of class 0,2 S for class A systems and class 0,5 S for 
class B monitoring systems, which are metering accuracy classes defined in IEC 62053-22 (2020).The maximum permissible 
measurement uncertainty according to this standard depends on the instantaneous operaƟng condiƟons of the system. The 
visualizaƟon of the error bounds is presented in figure 2.3 for a power factor of 1 and an operaƟng range between 0 and 10 
Ampère. The standard defines stricter uncertainty limits once the current exceeds 5% of the maximal current, with the 0,2S 
class allowing a power metering uncertainty of ±0.2% in this case. Slightly different specificaƟons are given for non-unity 
power factors, but power plant operators ordinarily aim for a unity power factor since this is most efficient.  
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Figure 2.3: Uncertainty specifications of diƯerent metering accuracy classes in IEC 62053-22 (2020). Accuracy specifications diƯer depending 
on whether the current exceeds 5% of the system’s maximally allowed current (seen in figure) and depending on the power factor. Error bounds 

shown are for unity power factor, which corresponds to optimal operating conditions. 

The ASTM E2848 norm defines the maximum uncertainty in output power to be at most 1.5% of the output power at 
reference condiƟons. This is significantly less strict than the requirements of IEC 61724. 

 

Solar Irradiance 

Solar irradiance is the resource that is converted to energy by the power plant. Knowing how much of this resource is 
available for energy generaƟon is crucial for performance assessment. However, measuring this resource is considerably less 
straighƞorward than measuring power output. Therefore, some crucial physical disƟncƟons must be made. 

First, we disƟnguish between irradiance and irradiaƟon. Irradiance is the amount of electromagneƟc radiaƟon irradiaƟon a 
specific surface area per second, measured in 𝑊 ⋅ 𝑚ିଶ. IrradiaƟon is the total amount of irradiance received by a surface 
area over a certain Ɵmeframe, and is hence measured in 𝐽 ⋅ 𝑚ିଶ, 𝑘𝑊ℎ ⋅ 𝑚ିଶ or equivalent. 

Secondly, there are three types of irradiance that can be referred to: global, direct and diffuse. Global irradiance is all 
irradiance incident on a surface, which is the sum between direct and diffuse irradiance. Direct irradiance is the irradiance 
incident on a surface that has traveled from the light source (in our case the sun) to the surface without being scaƩered 
along the way. Conversely, diffuse irradiance is all irradiance which is not incident directly from the source but is instead 
scaƩered onto the surface by surrounding objects or molecules in the atmosphere.  

As a crude rule-of-thumb, on a clear-sky day diffuse irradiance comprises about 15% (SpiƩers et al., 1986) of global irradiance 
(in the 300-3000 nm wavelength range). In overcast condiƟons this fracƟon is obviously higher and approaches 100%. 
AddiƟonally, while direct irradiance always has the same spectral decomposiƟon, the spectral decomposiƟon of diffuse 
irradiance is dependent on the (color of the) direct environment, cloud condiƟons, humidity, aerosol depth and solar zenith 
angle. 

Each of these three irradiances (global, direct and diffuse) require different instruments to measure. Direct irradiance is 
measured using a pyrheliometer, which is a detecƟon device with an extremely narrow field of view (standardized at 5° by 
the world meteorological organizaƟon). The pyrheliometer is mounted on a tracker system which ensures it is pointed directly 
at the sun. 
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Figure 2.4: DiƯerence between direct and diƯuse irradiance as shown by Hukx. Global irradiance is the sum of direct and diƯuse irradiance. 
DiƯuse irradiance also encompasses irradiance reflected by the ground or nearby physical structures. 

For the purpose of PV performance tesƟng, global irradiance can be measured in two different ways: either by using a 
pyranometer or using a PV reference cell. The pyranometer is a specialized instrument for measuring all irradiance in a 
hemisphere (i.e. it has 180° field of view), while a PV reference cell is simply a small PV module for which the power output 
is characterized against incident irradiance. PV reference cells are less accurate than pyranometers and moreover not 
spectrally flat, but are much cheaper than pyranometers. 

Diffuse irradiance can also be measured in two different ways. Historically, diffuse irradiance was measured by employing a 
regular pyranometer with a fixture aƩached to it that blocks out direct solar irradiaƟon, like a shading ball or a rotaƟng 
shadow band. These fixtures have to be manually adjusted at regular intervals to account for seasonal changes in solar 
alƟtude. Modern diffusometers are dedicated instruments that filter out direct irradiance in a passive manner, for instance 
through an internal detector array that is shaded by a built-in shading mask. 

Although knowledge of the direct/diffuse split can also be of influence due to the different spectral composiƟon of diffuse 
light, global irradiance is ordinarily of greatest interest for PV system performance analysis. Here, we will make another 
important disƟncƟon between global horizontal irradiance (GHI) and the plane-of-array (POA) irradiance, which is the global 
irradiance in the plane in which the PV modules are oriented.  

 

Pyranometers typically consist of a weather-resistant body with a hemispherical glass dome on top, underneath which is a 
black-coated thermopile. Incident radiaƟon passes through the dome (which filters the light to the desired bandwidth) and 
is absorbed by the thermopile, which will heat up. The thermopile coaƟng is chosen such that it has a spectrally flat response 
in the range 300-3000 nm. The heaƟng of the thermopile causes a temperature difference to arise between it and the 
pyranometer housing, which is converted to a small electrical signal through the thermoelectric effect. This electrical signal 
is proporƟonal to the heat difference between the thermopile and the pyranometer housing, which is in turn proporƟonal 
to the amount of incident irradiance on the thermopile.  

The pyranometer measurement equaƟon thus reads as follows: 

𝐺 =
V

S
(2.8) 
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In this equaƟon, 𝐺 is the total irradiance in a hemisphere along the pyranometer Ɵlt axis in units of 𝑊 ⋅ 𝑚ିଶ,  𝑉 is the voltage 

output in Volts and 𝑆 is the pyranometer sensiƟvity, in ௏

ௐ⋅௠షమ. 

Newly built pyranometers have to be calibrated against a reference instrument before they can be used in order to know the 
sensiƟvity constant 𝑆 . Usually this calibraƟon is done against a reference pyranometer, although other methods using 
pyrheliometers exist as well. CalibraƟon procedures have been codified in the ISO 9847 standard (ISO, 2023). For class A 
pyranometers, this standard lists achievable calibraƟon uncertainƟes of 1%. Pyranometer sensiƟvity will driŌ slowly over 
Ɵme, requiring it to be recalibrated at regular intervals, typically every two years. 

Pyranometer measurements are subject to several sources of uncertainty. The ISO 9060 standard lists these uncertainƟes 
and specifies tolerance intervals for each uncertainty source (ISO, 2018). Pyranometers are classified according to their 
compliance to class uncertainty limits. Common pyranometer error sources and their accepted magnitudes by class are 
presented in table 2-1, which is taken from the ISO 9060 standard. 

Table 2-1: Pyranometer class and associated accepted error specificaƟons as defined in in the ISO 9060 pyranometer standard (ISO, 2018). 

Parameter Name of classes, acceptance intervals and 
width of the guard bands (in brackets) 

Name of the class A B C 

Response Ɵme:  

Ɵme for 95% response 

< 10 s (1 s) <20 s (1 s) <30 s (1 s) 

Zero off-set: 

a) Response to -200 W·m-2 net thermal radiaƟon 

b) Response to 5 K·h-1 change in ambient 
temperature 

c) Total zero off-set including the effects a), b) and 
other sources 

 

±7 W·m-2 
(2 W·m-2) 

±2 W·m-2 
(0.5 W·m-2) 

±10 W·m-2 
(2 W·m-2) 

 

±15 W·m-2 
(3 W·m-2) 

±4 W·m-2 
(1 W·m-2) 

±21 W·m-2 
(2 W·m-2) 

 

±30 W·m-2 
(3 W·m-2) 

±8 W·m-2 
(1 W·m-2) 

±41 W·m-2 
(3 W·m-2) 

Non-stability:  
Percentage change in responsivity per year 

±0.8 % 
(0.2 %) 

±1.5 % 
(0.2 %) 

±3 % 
(0.5%) 

Nonlinearity: 
Percentage deviaƟon from the responsivity at 500 W·m-2 
due to change in irradiance within     100 W·m-2 to 1000 
W·m-2 

±0.5 % 

(0.2 %) 

±1 % 

(0.2 %) 

±3 % 

(0.5 %) 

DirecƟonal response (for beam radiaƟon): 

The range of errors caused by assuming that the normal 
incidence responsivity is valid for all direcƟons when 
measuring from any direcƟon (with an incidence angle for 
up to 90° or even from below the sensor) a beam 
radiaƟon whose normal incidence irradiance is  
1000 W·m-2 

±10 W·m-2 

(4 W·m-2) 

±20 W·m-2 

( 5 W·m-2) 

±30 W·m-2 

(7 W·m-2) 

Clear sky global horizontal irradiance spectral error: 

Maximum spectral error observed for a set of global 
horizontal irradiance clear sky spectra, see ISO 9060 A.7 
for calculaƟons. 

±0.5 % 

(0.1 %) 

±1 % 

(0.5 %) 

±5 % 

(1 %) 
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Temperature response: 

Percentage deviaƟon due to change in ambient 
temperature within the interval from -10 °C to 40 °C 
relaƟve to the signal at 20 °C 

±1 % 

(0.2 %) 

±2 % 

(0.2 %) 

±4 % 

(0.5 %) 

Tilt response: 

Percentage deviaƟon from the responsivity at 0° Ɵlt 
(horizontal) due to change in Ɵlt from 0° to 180° at 1000 
W·m-2 irradiance 

±0.5 % 

(0.2 %) 

±2 % 

(0.5 %) 

±5 % 

(0.5 %) 

AddiƟonal signal processing errors ±2 W·m-2 

( 2 W·m-2) 

±5 W·m-2 

( 2 W·m-2) 

±10 W·m-2 

( 2 W·m-2) 

 

The uncertainty bounds are mostly straighƞorward, except for the direcƟonal response error. The uncertainty bound for this 
error is defined as the maximum permissible error for a beam coming from any direcƟon with a normally incident component 
of 1000 𝑊 ⋅ 𝑚ିଶ. In other words, the maximum permissible direcƟonal response is dependent on the amount of incident 
irradiance.  

More specifically, in case the direct component of the global irradiance is 𝐸, and the solar zenith angle is θ, the dynamical 
error bound 𝑎 for the direcƟonal response error is the specificaƟon limit 𝑏 mulƟplied by a factor: 

𝑎 = 𝑏 ⋅
𝐸

1000 𝑊𝑚ିଶ ⋅ 𝑐𝑜𝑠(θ)
. (2.9) 

According to Konings and Habte (2015), 𝐸  can to a good approximaƟon be replaced by the measured global horizontal 
irradiance in case no direct solar irradiance measurements are available. 

Full pyranometer uncertainty assessments following GUM methodology have been performed by Konings and Habte (2015) 
and Habte et al. (2024), and a similar calculaƟon is provided with the ASTM G213-17 (2017) standard. UncertainƟes between 
2-5% for daily totals are common for class A pyranometers. Figure 2.5 shows an uncertainty analysis for pyranometer 
measurements during a clear-sky day, with the uncertainty split by source. 

 

Figure 2.5: Pyranometer uncertainty split by source for a single day. The leŌ figure shows uncertainty relaƟve to the measured global horizontal 
irradiance. The right figure shows the uncertainty in absolute terms. Figure taken from Habte et al. (2024). 

As menƟoned, another method to measure global irradiance is by employing PV reference cells, essenƟally miniature PV 
modules for which the power output is calibrated at STC. PV reference cells are much cheaper than thermopile pyranometers, 
but this comes at a tradeoff in device capabiliƟes. First of all, PV reference cells do not actually measure global irradiance 
since their measurement sensiƟvity is not spectrally flat. Rather, they have the spectral responsivity of the used PV module 
type. Further drawbacks of PV reference modules are the fact that their responsivity is dependent on module temperature, 
their high sensiƟvity to reflecƟon-induced errors at low incidence angles and their sensiƟvity to soiling as a consequence of 
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their flat surface. However, PV reference cells have lower response Ɵmes compared to pyranometers. The IEC 60904-2 (2023) 
document provides a standard for PV reference cells and includes physical device requirements and characterizaƟon 
procedures.  

Due to these consideraƟons in the previous paragraph, pyranometers are beƩer suited for measuring global irradiance than 
PV reference cells. However, it has been argued that PV reference cells are beƩer suited to esƟmaƟng PV system performance 
since they exhibit the exact same characterisƟcs as the system, if fiƩed with a PV module of the same type as the system 
modules. That is: they have idenƟcal temperature, direcƟonal and spectral response as the PV modules. Indeed, a study 
performed by Meydbray et al. (2012) found that PV reference cells have lower uncertainty in measurements of “PV irradiance” 
than pyranometers, in which “PV irradiance” is a specific irradiance quanƟty corresponding to global irradiance weighted by 
the spectral and direcƟonal responsivity of the PV module under consideraƟon. In this study, pyranometer uncertainty was 
found to be two Ɵmes greater than PV reference module uncertainty in measuring PV irradiance.  

It is important to understand the implicaƟons of this redefiniƟon of global irradiance and the implicaƟons its usage has in PV 
performance assessment. By defining performance as energy output with respect to the available “PV irradiance” input, one 
assesses how well the PV system is converƟng the effecƟve available energy to electricity. This can help idenƟfy performance 
losses due to factors like soiling and module degradaƟon in a more direct way (provided that the PV reference module itself 
is not soiling or degrading at the same rate as the system).  

However, the above method invariably ensures higher performance, since other loss factors like direcƟonal response are 
ignored. This, crucially, is also why one must be careful with redefining performance in this way. By defining the available 
energy as the effecƟve energy that the PV system can convert, we apply an arƟficial rescaling that reduces the importance, 
or even outright ignores, a subset of the available energy. Thus, we are no longer assessing how well the system is capable 
of converƟng available solar energy to electrical energy. It neglects, for instance, the unrealized energy output due to capture 
losses of light incident from low angles or from wavelengths that the used module is not sensiƟve to. Likewise, usage of low-
quality modules with low responsivity over the enƟre spectrum will not be detected in performance calculaƟons, since the 
measured solar resource is rescaled the same way. The interpretaƟon therefore gives a false indicaƟon of plant performance 
and may negaƟvely influence decisions by masking loss sources.  

The IEC 61724-1 document specifies an increasing number of pyranometers to be placed on-site depending on the size of 
the plant. They are furthermore required to be placed at representaƟve locaƟons throughout the power plant. The standard 
requires for both global horizontal and plane-of-array to each be measured by at least 2 pyranometers for plants with capacity 
less than 40 MW, 3 pyranometers for plants between 40-100 MW and an addiƟonal pyranometer for each addiƟonal 200 
MW added capacity. 

The ASTM E2848 norm does not specify a minimal number of pyranometers that must be used or what their uncertainty 
limits are allowed to be. The standard refers to ASTM G183-15 (2015) for pyranometer characterisƟcs influencing uncertainty, 
which in turn recognizes the ISO 9060 norm for uncertainty classes. ASTM 2848 requires a pyranometer (of any class) to be 
used by default, but does allow for use of a PV reference device in case all parƟes to the test agree on this. 

 

Temperature 

There are two temperature measurements that are relevant for PV system performance assessment: the ambient air 
temperature and the PV module temperature. In secƟon 2.1.3 it was discussed that the efficiency of PV modules decreases 
as their temperature increases, and we have seen that PV performance assessment methods provide ways to correct for this 
by explicitly including temperature in the performance metric. The temperature-corrected performance raƟo 𝑃𝑅ଶହ includes 
the module temperature, while the ASTM E2848 regression model includes ambient temperature. Module temperature is 
usually measured using a dedicated sensor, but the IEC 61724-2 document also provides a formula to esƟmate module 
temperature from environmental measurements through the following equaƟon: 
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𝑇mod ≈ 𝐺௉ை஺ ⋅ ൫𝑒௔ା௕⋅஝ೈ൯[°𝐶  𝑚ଶ/𝑊] + 𝑇௔ , (2.10) 

where νௐ is the wind speed and 𝑎 and 𝑏 are module-specific constants that are empirically determined. Note that this is a 
rough approximaƟon with no quanƟfied uncertainty. 

ASTM E2848 only prescribes measuring ambient temperature, while IEC 61724 prescribes measuring both ambient and back-
of-module temperatures. The standards have idenƟcal specificaƟons on the uncertainty limits for the temperature sensors: 
resoluƟon ≤ 0.1°𝐶 and total measurement uncertainty less than ±1°𝐶. 

 

Figure 2.6: Temperature reading and uncertainty compared to actual module temperature for  
diƯerent back-of-module temperature sensors at diƯerent irradiance levels.  A systematic underestimation 

as irradiance (and hence module temperature) increases can be clearly discerned from the data.  
Figure provided under copyright by Hukx. 

Although temperature sensors are beholden to strict resoluƟon and measurement uncertainty requirements, module 
temperature sensors oŌen contain an implicit error in their measurement. An internal study performed by Hukx showed that 
module temperature sensors tend to underesƟmate the module temperature by up to 2.5°𝐶, as can be seen in figure 2.6. 
The study compared the temperature readings of various dedicated back-of-module temperature sensors to the actual 
module temperature for different incident irradiance levels. Naturally, as the irradiance level increases the module 
temperature increases as well, which causes a temperature difference between the module temperature and the ambient 
air temperature. Hence, the back-of-module temperature sensors will measure a temperature somewhere in-between.  
Despite this fact, Hukx does not recommend insulaƟng the temperature sensors since this will prevent thermal energy from 
leaving the sensor, causing an overesƟmaƟon of the module temperature.  

Thus, while standards restrict temperature uncertainty to ±1°𝐶, the uncertainty may realisƟcally be a few degrees higher 
than this specificaƟon. 

 

Soiling  

Soiling refers to the deposiƟon of soil, dust, frost, debris, or other physical material deposited on the surface of PV modules 
and domes of pyranometers, blocking incident light. Soiling is a common and significant loss factor of PV system yield, 
requiring regular maintenance of the modules to keep at acceptable levels. If leŌ unchecked in dust- or polluƟon-heavy 
environments, it has been shown that soiling can reduce the yield of PV modules upwards of 50% (Warade & KoƩantharayil, 
2018). 
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Although rainfall helps clean PV modules and pyranometers, regular cleaning is required to keep the yield loss due to soiling 
to a minimal, or at least acceptable, level. The frequency with which cleaning is warranted depends on the soiling rate in the 
local environment. The amount of soiling on a PV module is dependent on a wide variety of factors, including (but not limited 
to) the local environment, polluƟon levels, humidity, rainfall, module Ɵlt angle and module surface material. The rate of 
soiling on a flat surface in a dry, dusty environment with liƩle rain is very different than on a Ɵlted plane in a temperate 
environment with frequent rain.  

The report by Reise et al. (2018) lists esƟmaƟons on annual PV yield loss ranging between 0.5-4% for systems in different 
climates with regular cleaning regimes. AddiƟonally, studies have been performed with the aim to characterize the soiling 
rate of PV modules and pyranometers. A compilaƟon 1  of references to published studies reporƟng experimentally 
determined soiling rates of PV modules at various locaƟons worldwide is maintained by the NaƟonal Centre for Photovoltaic 
Research and EducaƟon of the Indian InsƟtute of Technology Bombay. 

While module soiling decreases energy yield and hence negaƟvely affects performance, it does not affect the accuracy of the 
performance assessment as a whole. Philosophically, we defined performance as the degree to which a PV system uƟlizes 
available light for energy generaƟon. Thus we want to compare the true power output to the true available solar irradiance, 
and the uncertainty on the output side is determined by the accuracy of the power metering equipment. Following this logic, 
soiling of pyranometers does affect the accuracy of the performance assessment, since soiling of the dome induces a 
deviaƟon between the pyranometer reading and the true irradiance. We must therefore take the effect of pyranometer 
soiling on irradiance measurements into account. 

The argument can be raised that this approach is inconsistent: what merits the exclusion of blocked irradiance due to cloud 
cover or atmospheric depth as a loss factor while soiling is not excluded? Indeed, both are the result of irradiance being 
physically blocked from reaching the PV module. Simply put, we recognize cloud cover and atmospheric depth as factors 
beyond the control of asset owners, while soiling losses can be controlled through maintenance. We disƟnguish between 
environmental factors dictaƟng available irradiance, and losses in converƟng this to electrical power due to the physical state 
of the PV system. Losses due to self-shading of PV arrays and other controllable factors at design-level are also included in 
the laƩer category. 

This philosophy is in line with the definiƟon for class A monitoring systems per the IEC 61724 standard. For class B precision, 
soiling is considered part of the weather. Since we aim to quanƟfy the uncertainty in state-of-the-art performance esƟmaƟon, 
it is natural to follow class A definiƟons. 

The degree of soiling is typically quanƟfied through the soiling raƟo 𝑆𝑅, which is defined as the raƟo between the output of 
the measurement device under consideraƟon and the output of an unsoiled (idenƟcal) reference device (Fuke & 
KoƩantharayil, 2025), 

𝑆𝑅 =
Signalsoiled

Signalunsoiled
. (2.11) 

The ‘signal’ refers to the irradiance measured by the instrument. Following this definiƟon, Fuke and KoƩantharayil (2025) 
found a soiling rate between 0.19-0.29%/day near Mumbai, India. This study notably does not report rainfall. Other studies, 
in which rainfall was not controlled, conducted in Qatar reported soiling rates between 0.22-0.53%/day (Bachour et al., 2016). 
A study by Waters et al. (2018) conducted in an arid region of the US obtained a result of -0.073%/day during an extended 
period of no rainfall.  

 
 

1 Available at https://www.ncpre.iitb.ac.in/ncpre/pages/seriius-soiling-rate-of-the-world.php (accessed 07 January 2026). 
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Accurate performance assessment requires regular cleaning of pyranometers. The IEC 61724 standard specifies weekly 
inspecƟon of front-side sensors. The above menƟoned literary values aggregate to 1.33-2.03% (Fuke & KoƩantharayil,2025), 
1.54-3.71% (Bachour et al., 2016)  and 0.51% (Waters et al., 2017) signal loss aŌer 7 days.  

Due to the high degree of variability in soiling esƟmates and the high dependency on regional and local condiƟons, this work 
will exclude uncertainty due to soiling. It is important to be aware of the significant hit to the measurement accuracy that 
can be caused by soiling, but due to its complex nature this work will assume measurements performed using clean 
pyranometers. A methodological assessment of uncertainty due to soiling in different climates and cleaning regimes is an 
important topic for further study. 

 

2.2.3 LimitaƟons of Performance Metrics 

Solar PV has seen a swiŌ evoluƟon from being a niche power generaƟon method to becoming a large-scale industry over the 
past decades, and with it has come a commensurate maturing of the industry as best pracƟces are codified in a mulƟtude of 
standards on a wide range of relevant topics. There are some limitaƟons and topics of contenƟon in contemporary standards. 
We will highlight those related to performance assessment in this secƟon.  

First of all, current performance assessment methods have difficulty including periods of clipping and curtailment. Clipping 
is the reducƟon of power output due to the power delivered by the modules exceeding the rated inverter capacity, while 
curtailment is the reducƟon of power output ordered by the grid operator due to high grid loads. During such periods, the 
plant is operaƟng at a lower capacity than the modules can achieve by purposeful reducƟon of power output by the 
transformers (the maximum power point trackers). Although the two terms are similar, there are subtle differences which 
merit separate treatment. 

During periods of curtailment the grid operator forces the plant to operate at less-than-maximum capacity (given the current 
solar irradiance), which means the plant is essenƟally operaƟng at sub-opƟmal performance. Hence, it would not be an 
honest representaƟon to include this period in performance assessment, as it arƟficially decreases the overall performance. 
However, periods of curtailment oŌen occur at Ɵmes when the powerplant is delivering a lot of energy to the grid. Hence a 
period of theoreƟcal high performance is excluded, increasing the relaƟve weight of periods of lower performance and again 
arƟficially decreasing the overall performance. Standards specify the exclusion of periods of curtailment from the 
performance assessment. 

In the case of clipping the reducƟon in power output is caused by insufficient inverter capacity. Instead of an external order 
to arƟficially lower producƟon, during clipping the physical output limit of the plant is reached. Hence, a good case can be 
made that this means a lower performance is merited, as it is aƩributable to plant design decisions. Due to high inverter 
costs, PV plants designers make a tradeoff between inverter capacity and the missed income due to energy clipping, choosing 
for the less costly opƟon. The IEC 61724 standard considers clipping a performance loss and therefore includes these periods 
by default, while the ASTM E2848 standard explicitly excludes periods of clipping. 

A second inherent limitaƟon of PV performance assessment is the conƟnuous effort it takes for the responsible operator to 
conduct. The measurement equipment required for the acquisiƟon of relevant data requires regular maintenance and 
recalibraƟon. Pyranometers require recalibraƟon every two years, which means they must be uninstalled and shipped to a 
calibraƟon lab. This results either in data unavailability, or requires a back-up pyranometer to be placed on-site temporarily. 
Pyranometers moreover require regular cleaning due to soiling and dust deposiƟon on the dome. The frequency at which 
cleaning is required is highly dependent on environmental condiƟons and air quality, but in polluted environments the 
irradiance measurement error due to soiling can be as high as 3.7% aŌer one week (Bachour et al., 2016). 

Another important aspect to highlight is the manipulability of the performance assessment. For instance, by not properly 
cleaning pyranometers, soiling can be used as a method to arƟficially inflate performance. A soiled dome will cause a 
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systemaƟc reducƟon in registered irradiance and therefore will lead to an arƟficially increased measured performance. Other 
such methods to influence performance include the intenƟonal misalignment of a pyranometer to a lower angle than the 
plane-of-array or by insulaƟng module temperature sensors to hamper heat dissipaƟon and thereby increase its temperature 
reading. 

Involved parƟes with malicious intent can employ such methods to influence the performance assessment of solar PV 
systems to their advantage. Contemporary standards require logs to be made of system maintenance, and the degree of 
detail in such logs may limit the ability to employ such methods as menƟoned above. However, no best pracƟces on 
monitoring the imparƟality of the performance assessment process have been published as of yet. 

 

2.3 Uncertainty and Decision-Making 

“Any measurement you take without the knowledge of its uncertainty is completely meaningless.” 
-Walter Lewin 

Uncertainty is intrinsic to all measurements. Performance assessment is therefore also an inherently uncertain endeavor. In 
secƟon 2.2.2 we discussed various quanƟƟes involved in performance assessment and uncertainty specificaƟons for their 
measurement given the IEC and ASTM standards. These standards make no comment, however, on overall uncertainty 
bounds or on how uncertainty ought to be included in decisions. In this secƟon we will discuss general theory of uncertainty, 
achievable uncertainƟes for the discussed performance metrics as presented in academic discourse and guidelines on the 
inclusion of uncertainty in decision-making processes. 

Before we discuss common uncertainƟes in performance metrics, we must understand how to handle uncertainty: a subtle 
field of mathemaƟcs in which one must take care not to make mistakes. Thankfully, the Guide to the Expression of 
Uncertainty in Measurement (Joint CommiƩee for Guides in Metrology [JCGM], 2008), referred to as the GUM, provides 
instrucƟons on how to correctly handle measurement uncertainty and propagate it to derived quanƟƟes. We will briefly 
overview the most important theoreƟcal concepts, but we will leave a detailed treatment of uncertainty propagaƟon to 
chapter 3.  

2.3.1 Basics of Measurement Uncertainty PropagaƟon 

To start, we state some important definiƟons. First of all, we make a disƟncƟon between the error and the uncertainty: 

 The error is the difference between a measured or esƟmated value and the unknowable true value of the quanƟty 
under consideraƟon. 

 The uncertainty is a quanƟficaƟon on how close an obtained esƟmate is to the true value of a quanƟty. 

Moreover, we must make a disƟncƟon between different types of error sources: 

 Measurement errors are the result of the finite accuracy of measurement equipment. Measurement uncertainty due 
to these errors is usually quanƟfiable and specificaƟons are oŌen provided by the equipment manufacturer. 

 Model errors are the result of using models which inaccurately represent reality. These are oŌen much harder to 
quanƟfy and consider in the total uncertainty evaluaƟon. 

Finally, we must make a disƟncƟon between two types of uncertainty: 

 Type A uncertainƟes are uncertainty quanƟficaƟons obtained by esƟmaƟon from repeated measurements. 
 Type B uncertainƟes are obtained by evaluaƟng instrument or calibraƟon specificaƟons, through physical modelling 

or obtained from sources. These types of uncertainty have a specified distribuƟon. 
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The GUM provides a systemaƟc framework for propagaƟng uncertainty to derived quanƟƟes. In GUM terminology, a derived 
quanƟty 𝑌 = 𝑓(𝑋ଵ, … , 𝑋ே)  that is a funcƟon of input quanƟƟes 𝑋௜   is called a measurement model. We will discuss the 
mathemaƟcs in detail in chapter 3, but the general framework to calculate the uncertainty of a measurement model is quite 
straighƞorward. First we obtain uncertainty esƟmates for all dependencies 𝑋௜, which requires a different treatment for type 
A and type B sources (outlined in the GUM). Next, the sensiƟvity to each uncertainty is obtained by taking the parƟal 
derivaƟve of 𝑓 with respect to its uncertain dependencies. The uncertainƟes are rescaled by their respecƟve sensiƟviƟes and 
subsequently combined through a root-sum-square method that allows to account for correlaƟon between uncertainƟes to 
obtain the total uncertainty in 𝑌. 

The GUM methodology is generally not an exact framework for calculaƟng uncertainty of derived quanƟƟes since it relies 
upon Taylor expansion to esƟmate the sensiƟvity coefficients. Moreover, while correlaƟon between uncertainty sources can 
be included in the framework, it is not a trivial task to obtain a quanƟficaƟon on the exact nature of the correlaƟon between 
two uncertainty sources which makes it hard to include in pracƟce. Therefore, uncertainƟes in derived quanƟƟes calculated 
using the GUM are esƟmates themselves. In pracƟce these esƟmates are deemed sufficiently accurate, and no uncertainty 
quanƟficaƟon is given for the error in the uncertainty quanƟficaƟon. 

2.3.2 RepresenƟng Uncertainty 

In order to make decisions based on uncertain informaƟon we must employ clear terminology to avoid making mistakes. 
Generally, uncertain quanƟƟes are reported as μ ± 2σ , with μ  the measured value and the uncertainty σ . If no other 
informaƟon is accompanying this reporƟng, one may assume that this defines a normal distribuƟon with mean μ  and 
standard deviaƟon σ for the true value of the quanƟty under consideraƟon. 

An important topic when using uncertainty is the confidence interval, which are intervals in the space of real numbers that 
are likely to contain the true value of the quanƟty with a certain confidence level. For instance, the interval (−∞, +∞) is a 
confidence interval of 100%, since this interval covers all possible numbers. We can construct confidence intervals for the 
normal distribuƟon by using its two parameters: the interval [μ − σ, μ + σ]  is a 68.27% confidence interval, while 
[μ − 2σ, μ + 2σ] is a 95.45% confidence interval. Figure 2.7 shows confidence intervals between different mulƟtudes of the 
standard deviaƟon for the normal distribuƟon. 

A measurement and its uncertainty may be presented with an accompanying coverage factor 𝑘. If a quanƟty is presented as 
μ ± ζ (𝑘 = κ), this means that ζ =  κσ. Coverage factors are oŌen used to provide readers with a confidence interval for the 
result of a higher confidence level than the 68.27% of the interval [μ − σ, μ + σ] that is readily constructed if σ is reported 
as uncertainty. By instead reporƟng the expanded uncertainty ζ and staƟng a factor of 2, the user can immediately construct 
a 95.45% confidence interval around the measured value. For a strict 95% confidence interval one must use a coverage factor 
of 1.96.  

Coverage factors for arbitrary confidence levels can be obtained by reading out the quanƟle funcƟon of the normal 
distribuƟon, which is called the probit funcƟon. For an 80% confidence interval, one can obtain the required k-value by 
evaluaƟng 𝑃𝑟𝑜𝑏𝑖𝑡(0.1) or 𝑃𝑟𝑜𝑏𝑖𝑡(0.9). More generally, the quanƟles of a probability distribuƟon are a set of points dividing 
the total range of possible outcomes in segments (confidence intervals) of equal probability. Some special quanƟles have 
their own names: 25%-quanƟles are called quarƟles, 10%-quanƟles are called deciles and 1%-quanƟles are called percenƟles. 
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Figure 2.7: Figure illustrating the confidence intervals of a realization of a normally distributed random variable to fall between multitudes of the 
distribution standard deviation. Image source: Wikipedia2. 

A final definiƟon from probability theory which is of great importance to this study is the concept of exceedance probability 
levels, which is closely related to quanƟles and confidence intervals. The most well-known of these is the median of a 
probability distribuƟon, which is the value that has a 50% probability of being exceeded. The median is therefore oŌen 
referred to as the P50. Similarly, the P90 is the value that has a 90% probability of being exceeded. Observe that the P50 and 
P90 correspond to the 50th and 10th percenƟle, respecƟvely. 

The P50, P90 and similar are of great significance in decision-making because they characterize one-sided confidence 
intervals at a specified confidence level instead of the two-sided μ ± kσ intervals. Their relevance is best illustrated through 
an investment decision: suppose we know the probability distribuƟon of the expected return on an investment. To be safe, 
we want to ensure that there is a 90% probability we do not lose money on this investment. Thus, the investment may not 
cost more than the P90 value of the projected returns. P50 and P90 values of projected cash flows are oŌen included in 
business proposals as ‘best esƟmate’ and ‘high certainty’ projecƟons that allow investors to make informed decisions, rather 
than reporƟng a best esƟmate with symmetric uncertainty bounds. 

 

2.3.3 Reducing Uncertainty through MulƟple Measurements 

An insƟnctual way to aƩempt to increase the certainty in a measured value is by repeaƟng the measurement and taking the 
average of the two measurements. Indeed, performing repeated measurements of a stochasƟc variable and averaging the 
outcomes results in the average converging to the expected value of the variable’s distribuƟon, with the uncertainty tending 
towards 0, as a consequence of the law of large numbers. It is instrucƟve to illustrate this point with a concrete example. 
Combined uncertainƟes provided in this secƟon are calculated following the GUM framework for independent uncertain 
variables, a detailed treatment of which is deferred to chapter 3 and appendix A. 

Assuming the mathemaƟcal ideal that two measurements of the same variable can be performed independently from each 
other, we can obtain two measurements 𝜇ଵ, 𝜇ଶ of this variable with uncertainƟes 𝜎ଵ, 𝜎ଶ. We can then average this into a 
beƩer esƟmate of the variable: 

 
 

2 Standard deviation diagram showing a normal distribution. Wikipedia contributors, Wikipedia 
(https://en.wikipedia.org/wiki/Normal_distribution). CC BY-SA 3.0. 
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𝜇ଵ +  𝜇ଶ

2
  with uncertainty  ඨ

σଵ
ଶ + σଶ

ଶ

2
. (2.12) 

Assuming the uncertainty over repeated measurements is idenƟcal, aŌer 𝑁 repeats we have reduced the uncertainty by a 

factor ଵ

√ே
 . While adjusƟng the esƟmate of the measured variable by taking the average is intuiƟve, it is not necessarily 

mathemaƟcally opƟmal in case some measurements are made with greater accuracy than others. Instead, a greater weight 
should be aƩributed to more certain measurements through an expression of the form 

𝑤ଵμଵ + 𝑤ଶμଶ

𝑤ଵ + 𝑤ଶ
  with uncertainty  ඨ

𝑤ଵ
ଶσଵ

ଶ + 𝑤ଶ
ଶσଶ

ଶ

𝑤ଵ
ଶ + 𝑤ଶ

ଶ . (2.13) 

The weights that provide an opƟmal (unbiased) esƟmator of the measured variable are given by inverse variance weighƟng, 

i.e. seƫng 𝑤௜ =
ଵ

஢೔
మ. In figure 2.8, the difference in the uncertainty of the measurement fusion through regular averaging and 

inverse variance weighƟng can be seen clearly. The above expression is generalized for mulƟvariate measurement models in 
the form of Kalman filtering (Gibbs, 2011). 

 

Figure 2.8: Difference in total uncertainty between measurement combinaƟon through averaging  
and through inverse-variance weighƟng. The two methods are idenƟcal along the diagonal. 

While useful, the pracƟcal applicability of sensor fusion methods such is limited by the ability to perform repeated 
independent measurements of the desired variable. CorrelaƟon between the measurements may cause a bias error in the 
weighted esƟmator: measurement correlaƟon prevent an error to average out over repeated measurements because the 
error is idenƟcal over all measurements. This is an insidious property, since mathemaƟcally the measurement uncertainty 
tends towards 0, providing a false sense of security. It the correlaƟons are explicitly known they can be accounted for by 
advanced Kalman filtering techniques, but this is oŌen difficult informaƟon to obtain in pracƟce. 

The IEC 61724 standard requires solar irradiance to be measured by mulƟple pyranometers located at representaƟve 
locaƟons throughout the site, with the required number of pyranometers increasing with the size of the plant. Sensor fusion 
methods as above can therefore be applied in theory, but the resulƟng irradiance esƟmate should be treated with some 
cauƟon. First of all, if the pyranometers are posiƟoned as some distance from each other, there may be natural deviaƟon 
between the irradiance levels at these posiƟons, for instance due to local shading by clouds. Conversely, even though small 
differences in readings may exists, the instruments will generally experience the same condiƟons such as ambient 
temperature and solar zenith angle. This may result in correlaƟons between their measurements errors, especially if the 
pyranometers are the same model. Hence, the achieved reducƟon of uncertainty may be less than what theoreƟcal 
calculaƟons indicate. With this in mind, combining measurements of mulƟple pyranometers may not necessarily provide 
beƩer informaƟon compared to calculaƟng performance metrics at a sub-system level using single pyranometer readings.  
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SecƟon 5.3 of the IEC 61724-1 document indicates that subsystem level assessment of performance is preferable compared 
to combining readings over the plant. 

 

2.3.4 Uncertainty in Decision-Making Processes 

Now that we have established a basic understanding on how uncertainty is represented, let us discuss various ways in which 
it influences decision-making processes. The GUM provides guidelines on how to handle uncertainty in conformity 
assessment (JCGM, 2012) and we refer to this document for full reference reading . 

The overarching concept of this secƟon is the decision rule: what is the course of acƟon given a specific set of data? Decision 
rules can assume various forms and are not always made explicit, although contractual clauses tend to be explicit in their 
decision rules by virtue of needing to be enforceable. Implicit decision rules are understood in this thesis to be (partly) based 
on non-quanƟfiable factors or phrased in ambiguous terms. 

Explicit decision rules can generally be characterized as an interval: a decision is defined on whether a specific value exceeds 
a certain lower bound or falls within certain specificaƟons. For example: suppose a provisional acceptance cerƟficate for a 
PV power plant is granted if the measured (P50) PR is greater than a certain guaranteed PRG; the measured  PR must fall 
within the interval [PRG, +∞). 

The GUM defines two subtly different intervals in this regard: the tolerance interval and the acceptance interval. The 
tolerance interval is the interval in which the true value of the quanƟty under consideraƟon must fall, while the acceptance 
interval is the interval in which the measured value must fall. So, in the above example the asset owner desires the true PR 
(henceforth PRT) of the powerplant to exceed PRG and has therefore imposed a requirement that the measured PR 
(henceforth PRM) must also exceed PRG (since there is no way of knowing PRT exactly). Thus, the tolerance interval and 
acceptance interval are both [PRG, +∞). In this example, the asset owner runs the risk of granƟng an acceptance cerƟficate 
while PRT < PRG. This risk is as high as 50% if PRM is exactly PRG. Conversely, if PRM is slightly smaller than PRG, the EPC will 
have to pay liquidated damages to the asset owner even though there is a 50% chance that PRT actually exceeds the 
guarantee. 

The above illustrated false posiƟve and false negaƟves are called type-1 and type-2 errors in staƟsƟcs, respecƟvely. See also 
figure 2.10, taken from the GUM, illustraƟng this point. 

 

Figure 2.9: Two-sided acceptance interval with guard bands indicated in yellow. The tolerance interval is the interval in which the quantity is 
desired to be. The guard band is a buƯer zone to account for uncertainty in measured values. Only values in the acceptance interval are 

accepted. Figure taken from the GUM (2012). 

There exist various methods that can be employed to miƟgate the risk of false posiƟves or negaƟves. Naturally, reducing 
measurement uncertainty narrows the potenƟal gap between PRT and PRM, which reduces the overall occurrence probability 
of events where these two values are on different sides of the acceptance criterion. Reducing measurement uncertainty is 
not always possible, however. Therefore it is common pracƟce to employ guard bands between the tolerance and acceptance 
interval. Guard banding means that the acceptance limit is set inside the interior of the tolerance interval, which reduces the 
probability of making a type-1 error. A visualizaƟon of guard banding as shown in the GUM is provided in figure 2.9. 
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Figure 2.10: Illustration of the 4 cases that can occur during conformity assessment using uncertain data. Figure taken from the GUM (2012). 

Guard bands do not need to be explicitly specified. Suppose the asset owner of our previous example desires at least a certain 
PRD < PRG, then this PRD does not need to be included in the contract since only the acceptance interval is of contractual 
interest. In other words, the uncertainty in the PR measurement is accounted for implicitly by seƫng a performance 
guarantee that is higher than the desired performance; guard banding may be in place without this being contractually 
specified.  

What can be seen as a different form of guard banding is changing the metric that is tested, for instance by evaluaƟng the 
P90 of the PR (PRM,90) against the performance guarantee. The decision rule is then whether PRM,90 > PRG, which effecƟvely 
is imposing a guard band equal to the difference between the P90 and the P50. This has the advantage that the risk of making 
a type-1 error is quanƟfied exactly (10%). However, this requires knowledge of the uncertainty in the PR measurement, 
something that is not required for regular guard banding.   

Be aware that the pracƟce of guard banding is not symmetric in reducing risk for involved parƟes. ImplemenƟng a guard 
band to reduce the chance of making a type-1 error conversely increases the chance of making a type-2 error. 

 

2.4 Uncertainty in UƟlity-Scale Solar PV and the Literature Gap 

Over the course of this chapter we have discussed the lifecycle of uƟlity-scale solar PV power plants, the role of solar resource 
measurements during various stages of this lifecycle, PV system performance assessment methods including relevant 
standards and measurements, and general theoreƟcal concepts of measurement uncertainty.  This secƟon goes into greater 
detail on the uncertainty in the applicaƟons of solar irradiance measurements. 

For most applicaƟons, this secƟon will refrain from going into too much detail, instead we will discuss how uncertainty affects 
the applicaƟon and potenƟal challenges with calculaƟng uncertainty. As stated in the introducƟon, conformity assessment 
to performance guarantees is the primary lens through which uncertainty will be studied in this research, and will therefore 
receive a treatment in greater detail. 
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2.4.1 Inclusion of Solar Resource Uncertainty in the Solar PV Industry 

Solar Irradiance ForecasƟng 

Solar irradiance forecasts are combined with computaƟonal models of the power plant to obtain energy yield forecasts for 
the power plant. Uncertainty is an important factor in the uses of energy yield forecasts. For instance, financers of new PV 
projects usually determine a debt ceiling based on the P75 or P90 of the long-term expected energy producƟon  (Pacudan, 
2015; IFC, 2015; Mohamadi, 2021; Prilliman et al., 2023). Reducing the uncertainty staƟsƟcally causes an increase of a 
project’s P75 and P90 energy producƟon forecast, resulƟng in an increase of the amount of funding that can be raised. While 
the connecƟon is less direct for short-term forecasts, higher accuracy is, generally, beneficial for the purpose of profit 
maximizaƟon through energy storage and trading algorithms, since the strategy will be opƟmized on a more realisƟc forecast. 
An assessment of the influence of forecast accuracy on revenue opƟmizaƟon strategy has been performed by Campos et al. 
(2025). 

The uncertainty in energy yield forecasts is determined by the uncertainty in the two primary ingredients: the irradiance 
forecast and the chosen computaƟonal model of the PV plant. Advanced soŌware exists that aims to make model versions 
of solar PV powerplants as realisƟc as possible. For a review on uncertainty in such models, we refer to Hansen and MarƟn 
(2015). A comparison of different available soŌware tools is performed for tropical climates by Raji et al. (2025). 

Extensive literature on long-term energy yield assessments and their uncertainty exists. A comprehensive report on this topic 
was published by the IEA (Reise et al., 2018) which found uncertainƟes of the order of 2-6% for yearly solar irradiaƟon and 
4-8% for monthly solar irradiaƟon. Other studies obtain similar esƟmates. A report published by the IEA in 2017 lists 3% 
uncertainty in energy yield (Richter et al., 2017), while a different report published by the IEA in the same year lists 
uncertainty of 4-8% if the assessment is based exclusively on satellite data and 2.5% if the satellite data is adapted to 3 years 
of ground measurements. 

For short-term energy yield forecasts, there is a wide variety of different methodologies that are employed in different studies. 
A comparison performed by Di Leo et al. (2025) provides an overview of the different methods. 

 

PV System Performance Assessments 

Solar irradiance measurements play a highly important role in PV system performance assessment calculaƟons. We have 
discussed the measurements and standards involved in this process in secƟon 2.2 and idenƟfied mulƟple sources of 
uncertainty. MulƟple studies have been performed with the aim to quanƟfy the total uncertainty in commonly used 
performance metrics, most notably the PR. The aforemenƟoned study by the IEA obtained uncertainty esƟmates for monthly 
PR of 2-7% (Reise et al., 2018). Other studies arrived at similar or slightly higher esƟmates: a study by Strobel et al. (2009) 
reported 2-4.6% uncertainty for annual PR esƟmates, one by Basson and Pretorius (2016) obtained approximately 2-4% 
uncertainty for different monthly performance raƟos (standard, temperature corrected and weather corrected). A 
conference proceeding wriƩen by Özkalay et al. (2022) lists uncertainty in PR esƟmates obtained using pyranometer data to 
be 3.6%, while esƟmates obtained with satellite data are listed as 3.9% (yearly), 4.7% (monthly) and 8.2% (daily). 

Other studies have been dedicated to analyzing the uncertainty in the ASTM E2848 linear regression model. According to the 
latest update (2023) of the standard itself, typical uncertainƟes lie between 3.5-7.5% (ASTM, 2018). McCarthy, a large US-
based EPC firm, published a conference proceeding for PVPMC in which a rigorous uncertainty calculaƟon is presented 
(Auslender & Emami, 2025). Instantaneous uncertainty esƟmates between 1-30% were recovered, with high uncertainty 
being associated with low-irradiance or unstable condiƟons. Another study performed an uncertainty analysis of the ASTM 
metric through Monte Carlo simulaƟons (Newmiller et al., 2025), achieving uncertainƟes between 3-6%. 
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In secƟon 2.1.4, various uses of PV performance metrics were discussed, which included plant valuaƟon calculaƟons, 
informing maintenance decisions, determining degradaƟon rates and as a guarantee in EPC and O&M contracƟng. We will 
discuss how uncertainty affects the other use-cases before treaƟng performance guarantees. 

Methodologies to determine plant degradaƟon rates over Ɵme generally involve some form of staƟsƟcal inference from a 
performance metric or a predicƟve power model Ɵmeseries, as discussed in a study by the IEA (French et al., 2021). The 
linear regression formula of the ASTM E2848 standard is an example of a predicƟve power model. The publicaƟon outlines 
different metrics to use as a basis and mulƟple methodologies that can be used to infer degradaƟon rates from these 
Ɵmeseries such as regression and bootstrapping. The study obtained degradaƟon rates for on different datasets ranging 
between 0.03% to 3.96% per year, with relaƟve uncertainƟes between 2-12%. The study makes note of considerable 
dependency of the obtained degradaƟon rate on the chosen model, staƟsƟcal method and applied data filters. 

Plant valuaƟons are based on discounted cash flow models for the remaining lifeƟme of the power plant, but empirically 
determined performance helps inform the expected future energy yield that generates this cash flow. Hence, plant valuaƟons 
are also affected by the uncertainty in long-term energy yield forecasts. To further complicate maƩers, proper calculaƟon of 
the future cash flows would also account for degradaƟon using the empirically determined degradaƟon rate. Thus, this would 
lead to a combined uncertainty in the performance metric, degradaƟon rate and energy yield assessment that affects the 
projected cash flow that may be difficult to calculate in pracƟce.  

 

Let us now discuss the inclusion of uncertainty in performance guarantees in EPC and O&M contracƟng with greater detail. 
EPC and O&M contracts outline post-construcƟon acceptance tests to determine the quality of the completed powerplant, 
while O&M contracts specify periodic tests of performance metrics against guaranteed values to assess maintenance quality. 
In a way, these assessments can be seen as the easiest use-case of performance metrics for which we can assess the influence 
of uncertainty, since we are not using historical data to predict future energy yield or aƩempƟng to staƟsƟcally infer plant 
degradaƟon from the data, but calculaƟng the historical performance using measured historical data. 

Performance guarantee conformity tests are contractually formulated as a comparison between a measured performance 
metric and a guaranteed value of this metric that should be achieved. In case the performance guarantee is not met, the EPC 
or O&M contractor is obligated to pay damages to the asset owner. The amount of liquidated damages is oŌen proporƟonal 
to the absolute deficiency in the performance metric. Some literary sources menƟon the presence of a minimum PR set 
below the guaranteed PR in EPC contracts (PWC, 2024; SolarPower Europe, 2021), if the measured PR is below this cutoff 
the asset owner has the right to reject the powerplant and be reimbursed for all costs. The report by PWC sets this minimum 
PR as 95% of the guaranteed PR.  

PublicaƟons by the IFC (2015), the Solar Bankability ConsorƟum (2016), the IEA (Richter at al., 2017; IEA PVPS, 2022) and 
PWC (2024) frame the conformity assessment as a simple comparison between a measured value and a priorly agreed upon 
guaranteed value, and a potenƟal triggering of damage claims in case the performance guarantee is not met. In mathemaƟcal 
terms: 

𝑃𝑅ெ ≥ 𝑃𝑅ீ. (2.15) 

This implies either a disregard to the consequences of uncertainty, or the presence of implicit guard bands in the agreed-
upon performance guarantee. Given industry awareness of measurement uncertainty the laƩer possibility appears likely. 

A report by the NaƟonal Renewable Energy Laboratory, or NREL, defined an acceptance test in which a tolerance for errors 
is included (Dierauf et al., 2013). More explicitly, the plant conforms to the guarantee if the PR is greater than the 95%, or a 
different contractually agreed upon level, of the guaranteed PR: 

𝑃𝑅ெ ≥ (Contract Tolerance)% ⋅ 𝑃𝑅ீ . (2.16) 
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Observe that the risk is shiŌed to the asset owner in this case: the effecƟve performance guarantee is lower than the 
nameplate performance guarantee. 

Swami et al. (2024) menƟon a similar capacity test using a performance guarantee in the ASTM E2848 framework, based on 
a plant capacity (at reference condiƟons) 𝑃. The measured capacity should be greater than 95-97% of the modeled capacity, 
where the listed percentages are menƟoned as “common” acceptance values. Lacking further elucidaƟon, this can be 
interpreted as an implicit guard band against false rejecƟons where the asset owner carries the risk. Again: 

𝑃ெ ≥ Pୋ = (95 𝑡𝑜 97)% ⋅ 𝑃௠௢ௗ௘௟௘ௗ . (2.17) 

However, in a separate secƟon this acceptance criterion is rephrased to a rather peculiar statement: the capacity test is 
passed “if the upper confidence bound of the measured capacity is greater or equal to the guaranteed capacity”, which reads 
in equaƟon form as  

𝑃ெ + 𝑈ଽହ,௉ಾ
≥ 𝑃 . (2.18) 

In other words, the P2.5 value of the measured energy should exceed the guarantee.  

The peculiar nature of this criterion can be intuiƟvely illustrated: suppose the performance criterion in a post-construcƟon 
acceptance test is a capacity of 10 MW. If the capacity test yielded a capacity of 9±1 MW at k=1.96 the plant passes the test, 
as well as for 8±2 MW, 6±4 MW, 5±5 MW, et cetera. The increased risk in case of imprecise measurement is shiŌed wholly 
to the asset owner, while the EPC or O&M contractor is the party conducƟng the test; the contractor can lower the bound of 
the acceptance guarantee by performing lower accuracy measurements.  

While not menƟoned in the literature, we can construct a reciprocal performance criterion in which the risk for low-accuracy 
performance measurements is shiŌed to the contractor, who is performing the test. This would correspond to an acceptance 
criterion of the form: 

𝑃ெ − 𝑈ଽହ,௉ಾ
≥ 𝑃modeled. (2.19) 

Criteria at different confidence levels than 2.5% or 97.5% can be readily constructed by mulƟplying the measurement 
uncertainty with the k-value of the desired probability level, that can be obtained through the probit funcƟon menƟoned in 
secƟon 2.3.2. We can moreover reformulate these criteria using performance raƟos instead of plant capacity. 

The menƟon of performance guarantees tesƟng with exceedance probabiliƟes is, with respect to the literature reviewed for 
this study, only menƟoned by Swami et al. (2024). Other sources on this topic either frame the process as a direct comparison 
like equaƟon (2.15) or a guard banded comparison like equaƟon (2.16), that notably do not require an assessment of the 
measurement uncertainty to determine.  

 

2.4.2 The Literature Gap 

We can divide the funcƟon of solar irradiance measurements in two broad categories: as input for solar irradiance forecast 
calculaƟons and as input for solar PV system performance assessment, that are subsequently used for many different 
purposes by the solar PV industry. We have seen in literature that solar irradiance measurements are an important source of 
uncertainty, with stated magnitudes ranging between 2-5% for ground measurements using class A pyranometers (Konings 
and Habte, 2015). However, studies that calculate the effect of uncertainty in their two use-cases invariably include this as a 
flat percentage uncertainty, while it was seen in secƟon 2.2.2 that uncertainty of pyranometers is caused by a mulƟtude of 
sources. Furthermore, these sources are not idenƟcal in their contribuƟon to the total uncertainty but have their own 
characterisƟcs. To the best of the author’s knowledge, as of yet no studies have been published in which solar irradiance 
uncertainty from pyranometer measurements has been divided into its consƟtuent parts before inclusion in subsequent 
uncertainty analyses of energy yield forecasts or performance metric calculaƟons. 
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Given the widespread adopƟon of pyranometers and reliance on their measurements, this moƟvates a study into the 
individual contribuƟons of the consƟtuent sources of pyranometer uncertainty and their propagaƟon into energy yield and 
performance metric uncertainty. Separate inclusion of these sources may enable idenƟficaƟon of potenƟal improvement 
avenues for pyranometers with maximal impact. The ‘impact’ of a reducƟon in pyranometer uncertainty can best be assessed 
through the lens of an industrial applicaƟon that is influenced by pyranometer uncertainty. To this end, it makes sense to 
select an applicaƟon that is least affected by uncontrollable factors, in which the role of pyranometer data is explicit and that 
lends itself for rigorous uncertainty analysis. 

The most suitable applicaƟon to choose to this end is acceptance tesƟng to performance guarantees. This process involves 
quite direct comparisons of measured values to guaranteed values with a clear financial interest to the involved parƟes that 
can be used as a method to quanƟfy the impact of uncertainty reducƟon. Furthermore, the influence of uncertainty in this 
process in a rigorous mathemaƟcal way has not been previously performed. Thus, while the use-case lends itself to assess 
the impact of individual pyranometer uncertainty sources, calculaƟons of uncertainty and financial risk in the acceptance 
tesƟng process will also provide new insight to the industry in general. 

Performance guarantees are typically only part of turnkey projects or projects with external O&M service contractors. 
Literature states that turnkey projects are the most common type of uƟlity-scale PV development structure (IFC, 2015; PWC, 
2024), and that O&M is usually outsourced to third-party providers (NREL, 2018; SolarPower Europe, 2021). Hence, the usage 
of performance guarantees is not restricted to a niche segment of the market. It should be noted that literature also reports 
an increasing reluctance among third-party O&M contractors to provide performance guarantees, by virtue of performance 
being significantly determined by construcƟon quality for which these contractors are not responsible (SolarPower Europe, 
2025).  

This study is limited to this single applicaƟon to maintain a focused scope, but that does not imply a study on the influence 
of pyranometer uncertainty reducƟons with respect to other applicaƟons is not merited. Importantly, studied applicaƟons 
should allow for propagaƟon of pyranometer uncertainty to the uncertainty in the final result. SecƟon 2.4.1 provides 
reference readings as starƟng points for potenƟal future research with the aim to explicitly assess the role of pyranometer 
uncertainty in other applicaƟons. 

 

To conclude, this work aims to add to the exisƟng literature in mulƟple ways. First, by performing uncertainty calculaƟons of 
the performance raƟo with explicit separaƟon of different uncertainty sources, which has not been done previously. The 
performance raƟo is the most-used performance metric and is the easiest to calculate, being independent of computaƟonal 
PV plant models in contrast to the EPI or the ASTM performance evaluaƟon method. These calculaƟons provide novel insight 
to the contribuƟons of individual uncertainty sources, allows to compare different pyranometers based on their 
specificaƟons and quanƟfy the impact of uncertainty reducƟons. Second, through an assessment of the financial 
consequences of measurement uncertainty in performance guarantee acceptance tesƟng, for which no results are publicly 
available at present. Together, these two calculaƟons combine to provide a pracƟcal quanƟficaƟon of the impact of accuracy 
improvements in solar resource measurement equipment. 
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3. Methodology 

3.1 The UƟlity-Scale PV Sector: Literature Analysis & Expert Interviews 

The goal of this work was to assess the role of pyranometer measurements in the uƟlity-scale solar PV industry and to 
invesƟgate the significance of measurement uncertainty in the use cases of pyranometers to inform potenƟal avenues of 
improvement. The use cases of solar irradiance measurements were idenƟfied through a literature study into various 
interconnected topics. Reviewed literature concerned a wide range of subjects, including uƟlity-scale PV project development, 
construcƟon and maintenance management, legal and technical best-pracƟces or standards, and scienƟfic literature on the 
technical state-of-the-art in relevant fields such as yield forecasƟng and irradiance measurement. An iniƟal literature study 
informed a model of the uƟlity-scale PV power plant lifecycle, and helped idenƟfy the most important use-cases of solar 
irradiance measurement: plant performance assessment and energy yield assessments in the short- and long-term. It was 
concluded that the role of measurement uncertainty in performance assessment of PV power plants was the most promising 
direcƟon to study in this work. 

Subsequent desk research was specifically directed at obtaining a deeper understanding of the pracƟcal inclusion of 
irradiance measurements and their uncertainty in performance assessments, and how performance metrics are used as 
instruments to guide decision-making in industry. Specific aƩenƟon was given to researching authoritaƟve standards 
performance assessment methods and relevant measurements, literature discussing relevant legal pracƟces in performance 
assessment of uƟlity solar power plant construcƟon and maintenance, and to technical studies quanƟfying uncertainty in 
pyranometer measurements and performance metric calculaƟons.  

The theoreƟcal background discussed in the previous chapter, specifically secƟons 2.1, 2.2 and 2.4, is a compilaƟon of the 
relevant literature found during this part of the study, and is the main result of this desk research. 

Aside from consulƟng literature, different qualitaƟve methods were employed to deepen the understanding of the uƟlity-
scale solar PV sector and its current challenges. The author aƩended several meeƟngs of the ongoing revision process of the 
IEC 61724 standard, during which industry professionals with different  backgrounds were invited to share their opinions on 
the limitaƟons of current performance monitoring pracƟces, and comment on each other’s views. Although these meeƟngs 
were not directly included in this work, some points raised during these meeƟngs helped bring specific topics for further 
invesƟgaƟon to the author’s aƩenƟon. 

Furthermore, two rounds of interviews with industry experts were performed as part of this work. The purpose of this 
research component was to verify and elaborate upon the process of EPC acceptance tesƟng and the inclusion of uncertainty 
as described in literature. Due to the limited number of conducted interviews the data is anecdotal and therefore not 
generalizable to conclusions about industry pracƟce. 

The first round of qualitaƟve research took place during the early stages of the research and was aimed at obtaining a general 
understanding of industry posiƟon on uncertainty to help steer the research goals. This stage consisted of unstructured 
conversaƟons at a solar asset management conference with professionals from various companies. ConversaƟons were held 
with developers, asset owners, EPC and O&M contractors and SCADA (supervisory control and data analysis) system 
providers. The interviews were not recorded and no wriƩen informed consent was obtained; however, the interviewees were 
made aware of the purpose of the conversaƟon. 

The second round comprised interviews with selected industry experts. These interviews were recorded and wriƩen 
informed consent was obtained from the parƟcipants. Because these interviews consƟtuted gathering informaƟon from 
human subjects, this component of the research was subject to university research ethics regulaƟons. ParƟcipant informed 
consent forms and the research data management protocol were prepared in accordance with these regulatory standards, 
and approval by the TU DelŌ Human Research Ethics CommiƩee was obtained prior to conducƟng the interviews. 
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The interview quesƟons were designed to obtain insight about specific topics regarding inclusion of uncertainty in EPC 
contracƟng and the calculaƟon of uncertainty budgets. The interviews were conducted in a semi-structured format, in which 
the quesƟons served to guide an open-ended discussion rather than being asked in a quesƟon-and-answer format. 

Since the data of these interviews is not intended to support staƟsƟcal claims, no structured interview data processing 
methodology such as response coding was employed. 

 

3.2 Performance RaƟo Uncertainty QuanƟficaƟon  

3.2.1 GUM Approach 

Uncertainty calculaƟons are central to our methodology. It is therefore important that we are rigorous in our applicaƟon of 
uncertainty propagaƟon theory throughout our analysis. This work adheres strictly to the Guide to the Expression of 
Uncertainty in Measurement (the GUM). The theory on expression and usage of uncertainty established in secƟon 2.3 thus 
applies during this research. In this chapter we will elaborate on the more mathemaƟcal aspects of uncertainty and its 
propagaƟon. Of parƟcular importance are the GUM’s guide to the expression of uncertainty in measurement (JCGM, 2008), 
and the extension of this formalism to any number of output quanƟƟes (JCGM, 2011). 

The GUM is an easy-to-use approximate method for uncertainty quanƟficaƟon with sufficient accuracy for this thesis. It 
should be noted that it is not the only available method for uncertainty propagaƟon, analyƟcal calculaƟon of uncertainty or 
numerical methods can also be used to this end. However, analyƟcal uncertainty evaluaƟon methods are highly nontrivial 
and beyond the scope of this thesis, and the determinisƟc nature of the GUM method is preferable over stochasƟc numerical 
methods, such as Monte Carlo simulaƟons, for the purposes of this thesis. 

The guide to the expression of uncertainty in measurement outlines a procedure of calculaƟng the uncertainty of a quanƟty 
𝑌 that is dependent on mulƟple uncertain input quanƟƟes 𝑋ଵ, … , 𝑋ே through the expression 

𝑌 = 𝑓(𝑋ଵ, … , 𝑋ே). (3.1) 

The uncertainty in 𝑌 is determined by three disƟnct elements: the magnitudes of the uncertainƟes 𝑢௜ in each dependency 
𝑋௜ , the sensiƟviƟes 𝑠௜  to each of these uncertainƟes and the correlaƟons 𝑐௜,௝  between uncertainƟes. The total uncertainty 
𝑢௒ of 𝑌 is then calculated as 

𝑢௒ = ඨ෍ ෍൫(𝑠௜𝑢௜)
ଶ + 2𝑠௜𝑠௝𝑢௜𝑢௝𝑐௜,௝൯

௝வ௜௜

. (3.2) 

We have already discussed the meaning of uncertainty extensively in secƟon 2.3. However, let us devote some aƩenƟon to 
the sensiƟviƟes and correlaƟons as well. 

In the GUM framework, the sensiƟviƟes are esƟmated through a (first-order) Taylor expansion of the funcƟon 𝑓  to the 
variables 𝑋௜,  

𝑠௜ =
∂f

∂X୧
, (3.3) 

that are evaluated at the measured value of 𝑋௜ . This method is not exact except for funcƟons linearly dependent on 𝑋௜. 
However, the accuracy of this approximaƟon is generally acceptable except for funcƟons that depend on the input quanƟƟes 
in a highly nonlinear way. In such cases the GUM advises to use higher-order approximaƟons or to resort to analyƟcal or 
numerical methods for uncertainty quanƟficaƟon. 
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The second important consideraƟon is the correlaƟons between uncertainty sources, also referred to as cross-correlaƟon. In 
staƟsƟcs, correlaƟon is defined as the extent to which two random variables are linearly related. The concept is closely related 
to covariance, which is defined as  

𝑐𝑜𝑣൫𝑋௜, 𝑋௝൯ = 𝑢௜𝑢௝𝑐௜,௝, (3.4) 

with 𝑐௜,௝ the correlaƟon between the two variables. 

Knowledge about the cross-covariance of two random variables is essenƟal for accurate assessment of variable 𝑌 ’s 
uncertainty, but is oŌen quite difficult to obtain in pracƟce. Generally, there are two methods to obtain this informaƟon: 
analyƟcally or through measurement.  

AnalyƟcal calculaƟon of the covariance between two error sources requires a deep understanding of the root causes of the 
uncertainty sources under consideraƟon, on which variables they mutually depend and how this mutual dependency 
subsequently translates to correlaƟon.  Covariance assessment through measurements is typically more pracƟcal, but 
requires strict control of factors potenƟally influencing measurement. Moreover, the degree of correlaƟon may depend on 
environmental variables such as ambient temperature, which should be accounted for. 

It is generally safe to assume uncertainƟes of different physical components (such as plant power metering equipment and 
the pyranometer) are not significantly cross-correlated. However, to the best of the author’s knowledge, no cross-covariance 
characterizaƟon has been performed for internal pyranometer uncertainty sources. Performing our own cross-correlaƟon 
characterizaƟon will be a full research unto itself and is outside the scope of an MoT thesis. Therefore we are leŌ to make 
assumpƟons on the cross-correlaƟon. Lacking any further informaƟon there are two natural opƟons: maximal or minimal 
correlaƟon. Maximal correlaƟon (𝑐௜,௝ = ±1 ∀ 𝑖, 𝑗) means that all uncertainƟes are fully proporƟonal to each other, while 
minimal correlaƟon (𝑐௜,௝ = 0 ∀𝑖, 𝑗 ) all uncertainty sources are fully independent. Since maximally-correlated uncertainty 
sources are essenƟally all dependent on a single random variable, the laƩer opƟon seems overall more physically intuiƟve. 
This assumpƟon has also been made by Konings and Habte (2015) in their pyranometer uncertainty quanƟficaƟon. 

Hence, in this work we will assume that all internal uncertainƟes in a pyranometer are mutually independent, i.e. 𝑐௜,௝ =

0 ∀𝑖, 𝑗. 

 

The performance raƟo is typically not an instantaneous value, but rather a raƟo of Ɵme-aggregates. What this means for our 
uncertainty calculaƟon is that we need to assess the uncertainty of a sum of random variables. The GUM provides a guideline 
for this task in an extension to the main document (JCGM, 2011). The full mathemaƟcal derivaƟon of the uncertainty of a 
Ɵme aggregate is presented in appendix A. The result, for independent uncertainty sources, is given by equaƟon (A.28). 

Extension to Ɵmeseries data presents another dilemma, namely the autocorrelaƟon of uncertainty sources over Ɵme. 
AutocorrelaƟon is similar to the previously discussed cross-correlaƟon, but instead gives the relaƟonship between the 
instantaneously assumed values of an uncertainty source at two different moments in Ɵme. It is given by a coefficient 𝑐௜;௧,த. 

While neglecƟng cross-correlaƟon terms between sources is an assumpƟon that is physically reasonable, this is not the case 
for temporal autocorrelaƟon of uncertainty sources. A simple counterexample is an error that is an unknown offset (such as 
zero-offset A), that are defined by the fact that they remain constant over Ɵme and are thus maximally autocorrelated: 
𝑐௜;௧,த = 1 ∀𝑡, τ . However, other uncertainty sources may exhibit noise-like (uncorrelated) behavior over Ɵme, or may be 
correlated up to a certain correlaƟon length (exponenƟal decay of correlaƟon). On top of this, uncertainƟes may consist of 
both an offset and a randomly fluctuaƟng part, although the offset is usually minimized through calibraƟon procedures.  
AnalyƟcal quanƟficaƟon is difficult and experimental autocorrelaƟon characterizaƟons have not been performed.  This study 
will assume full autocorrelaƟon of uncertainty sources over Ɵme. 
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An advantage of working with independent uncertainty sources is that it allows for a direct quanƟficaƟon of the sensiƟvity 
to the magnitude of a single uncertainty source. From the mathemaƟcal analysis in appendix secƟon A.4 we see a quadraƟc 
sensiƟvity of the total uncertainty to individual uncertainty sources, with the scale determined by the relaƟve contribuƟon 
of this source to the total uncertainty budget (equaƟon A.33). This means that, under the assumpƟon of independent 
uncertainty sources, reducing the uncertainty of the most significantly contribuƟng uncertainty source has a proporƟonally 
more significant impact in reducing the total uncertainty compared to reducing the uncertainty of sources with a smaller 
relaƟve contribuƟon.  

 

3.2.2 Included UncertainƟes 

The uncertainƟes and the magnitudes of the uncertainƟes included in this study will be taken mostly from the various 
standards discussed in the previous chapter.  

 For pyranometers, we will assume ISO 9060 class A uncertainty sources and bounds and expand upon these by also 
including datalogger accuracy. The uncertainty esƟmate for datalogger accuracy is taken from Konings and Habte 
(2015).  

 Pyranometer calibraƟon uncertainty is taken from the ISO 9847:2023 esƟmate for class A pyranometers. 
 Pyranometer non-stability (or calibraƟon driŌ) uncertainty is included with the assumpƟon that the last calibraƟon 

was performed one year ago. The IEC 61724-1 document prescribed calibraƟon at least every two years, the included 
uncertainty thus amounts to an ‘average expected’ calibraƟon driŌ.  

 Uncertainty of the temperature and power measurements will be within the IEC 61724 specificaƟons of these 
measurements.  

 Module calibraƟon uncertainty will be esƟmated from literature. In this study, the values from Dirnberger and Kraling 
(2013) will be taken. 

 Uncertainty due to soiling will not be included. 

The purpose of the chosen uncertainty bounds is to obtain a realisƟc esƟmate of achievable uncertainty of state-of-the-art 
monitoring systems, hence class A specificaƟons are followed wherever possible. Pyranometer calibraƟon is recommended 
once every two years by manufacturers (Hukx, n.d.-a), hence we will include pyranometer non-stability assuming the last 
calibraƟon was performed 1 year ago. Moreover, we assume the pyranometer is regularly cleaned, so uncertainty due to 
soiling is not included. 

Since the datasets used for this work do not include direct solar irradiance measurements we must make an approximaƟon 
for the direcƟonal response uncertainty bound. We employ the recommendaƟon by Konings and Habte (2015) to calculate 
this bound with respect to the measured plane-of-array solar irradiance instead.  

A summary of all included uncertainƟes and their magnitudes is listed below. As moƟvated in secƟon 2.2.2, soiling will be 
excluded from this work due to its highly variable nature. The influence of soiling in different condiƟons and under different 
cleaning regimes merits a dedicated methodological study. 

Table 3-1: Uncertainty bounds used for uncertainty calculaƟons. 

Uncertainty Source AcƟng on Error bound SpecificaƟons 
Zero off-set A 𝐺௉ை஺ 7 𝑊 ⋅ 𝑚ିଶ Rectangular, Type B, one-

sided 
Zero off-set B 𝐺௉ை஺ 2 𝑊 ⋅ 𝑚ିଶ Rectangular, Type B 

Zero off-set other 
sources 

𝐺௉ை஺ 1 𝑊 ⋅ 𝑚ିଶ Rectangular, Type B 
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AddiƟonal signal 
processing errors 

𝐺௉ை஺ 2 𝑊 ⋅ 𝑚ିଶ Rectangular, Type B 

DirecƟonal response 𝐺௉ை஺ 10 ீುೀಲ

ீೄ೅಴ ௖௢௦(஘)
  𝑊 ⋅ 𝑚ିଶ Rectangular, Type B 

CalibraƟon 𝑆 1.0 % Rectangular, Type B 

Non-stability 𝑆 0.8 %  
 

Rectangular, Type B 

Nonlinearity 𝑆 0.5 % Rectangular, Type B 

Clear-sky spectral error 𝑆 0.5 % Rectangular, Type B 

Tilt response 𝑆 0.5 % Rectangular, Type B 

Temperature response 𝑆 1 % Rectangular, Type B 

Datalogger accuracy 𝑉 10 μ𝑉 Rectangular, Type B 

Power metering 𝑃௢௨௧ 0.2 % Rectangular, Type B 

Back-of-module 
temperature 

𝑇௠௢ௗ 1 °𝐶 
 

Rectangular, Type B 

Single module raƟng at 
STC 

𝑃଴ 2.4% 
(σ = 0.8 %) 

Normal, Type B 

 
The above table lists ISO 9060 class A pyranometer uncertainty specificaƟons. Comparisons are performed with performance 
raƟo calculaƟons using ISO 9060 class B uncertainty specificaƟons, while keeping the other uncertainty bounds constant. The 
ISO 9060 specificaƟons for class B pyranometers are listed in table 3-2. 

Table 3-2: ISO 9060 class B pyranometer uncertainty bounds. 

Zero off-set A 15 𝑊 ⋅ 𝑚ିଶ 

Zero off-set B 4 𝑊 ⋅ 𝑚ିଶ 

Zero off-set other sources 2 𝑊 ⋅ 𝑚ିଶ 

AddiƟonal signal processing errors 5 𝑊 ⋅ 𝑚ିଶ 

DirecƟonal response 20 ீುೀಲ

ீೄ೅಴ ௖௢௦(஘)
  𝑊 ⋅ 𝑚ିଶ 

Non-stability 1.5 % 

Nonlinearity 1 % 

Clear-sky spectral error 1 % 

Tilt response 2 % 

Temperature response 2 % 

 
Comparisons will also be performed with manufacturer uncertainty limit specificaƟons of industrial state-of-the-art 
pyranometers, since commercially available class A pyranometers are oŌen more accurate than prescribed in the ISO 9060 
standard. In this work, the Hukx SR300-D1 pyranometer will be used to compare the accuracy of market-leading 
pyranometers with ISO requirements. The uncertainty limits of the SR300-D1 pyranometer as listed in the product user 
manual (Hukx, n.d.-b) are shown in table 3-3. 
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Table 3-3: Hukx SR300-D1 industrial class A pyranometer uncertainty specificaƟons. 

Zero off-set A 2 𝑊 ⋅ 𝑚ିଶ 

Zero off-set B 2 𝑊 ⋅ 𝑚ିଶ 

Zero off-set other sources 1 𝑊 ⋅ 𝑚ିଶ 

AddiƟonal signal processing errors 0 𝑊 ⋅ 𝑚ିଶ 

DirecƟonal response 10 ீುೀಲ

ீೄ೅಴ ௖௢௦(஘)
  𝑊 ⋅ 𝑚ିଶ 

CalibraƟon 0.6 % 

Non-stability 0.5 % 

Nonlinearity 0.2 % 

Clear-sky spectral error 0.5 % 

Tilt response 0.2 % 

Temperature response 0.4 % 

 

3.2.3 CalculaƟon Methodology 

The uncertainƟes listed in tables 3-1, 3-2 and 3-3 are not expressed in the same units. Some uncertainƟes are specified in 
relaƟve terms (percentages) while others are listed as absolute uncertainty limits. A purely theoreƟcal calculaƟon of the total 
uncertainty requires all magnitudes to be specified in relaƟve terms and is therefore not possible in our case. Consequently, 
empirical data from solar PV systems must be used to convert all uncertainty components to the same units. We will address 
the datasets used for this purpose in secƟon 3.2.4. 

Previous studies have been performed in which pyranometer uncertainty is calculated by decomposing it to the root sources. 
The aforemenƟoned ASTM G213-17 (2017) standard guide provides users with an excel spreadsheet that can be used for 
these calculaƟons. The spreadsheet allows to calculate the instantaneous and aggregated uncertainƟes for a day of 1-minute 
pyranometer data. The spreadsheet also already includes all pyranometer uncertainty sources listed in table 2-1. This makes 
it a natural starƟng point for this study. If the spreadsheet can be extended to include power and temperature data and their 
uncertainty it can be used for performance raƟo uncertainty assessment with explicit inclusion of pyranometer uncertainty 
sources.  

There are several complicaƟons with this approach. To start, excel is not suited for the large matrix calculaƟons that arise 
from aggregaƟng temporally autocorrelated uncertainty (a square matrix of size 1446 for a single day of 1-minute data), 
which has lead the creators to improvise a method to do these calculaƟons step-wise in excel by first aggregaƟng to hourly 
and subsequently to daily uncertainƟes. Moreover, the various uncertainty sources are aggregated first and the total 
uncertainty is temporally aggregated second. Time-aggregaƟon of temporally autocorrelated uncertainty is not an associaƟve 
operaƟon with itself, nor is aggregaƟon of independent autocorrelated uncertainty sources associaƟve with Ɵme-aggregaƟon. 
Hence, this methodology leads to mathemaƟcally incorrect results. A formal derivaƟon of this error is presented in appendix 
A.  

AddiƟonally, excel is ill-suited for this operaƟon from a flexibility perspecƟve. Extension to more uncertainty sources requires 
either making cumbersome expansions of exisƟng sheets, or manual copying of exisƟng uncertainty calculaƟon procedures 
for new uncertainty sources in new sheets.  Moreover, excel spreadsheets do not allow for easy parsing through large 
amounts of data or preprocessing this data. 

Because of the calculaƟon errors in the ASTM G213-17 spreadsheet and the inextensible nature of excel spreadsheets as 
data analysis method, the uncertainty calculaƟons in this work will be performed using custom python soŌware. 
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The python soŌware used for the uncertainty calculaƟons was specifically developed for the purposes of this thesis. PrioriƟes 
in the design for the soŌware were flexibility with respect to the chosen performance metric, the included uncertainty 
sources and data preprocessing methods. The code is publicly available through github and a full documentaƟon of the code 
is provided in appendix C. A link to the repository is also provided in the appendix. 

 

The code’s intended funcƟonality is to propagate uncertainty through a tree or an acyclic directed graph of variables, that 
are related to each other through equaƟons. We will refer to this as the equaƟon tree going forward. An example of the 
equaƟon tree for the temperature-corrected performance raƟo is shown in figure 3.1. Each variable in the equaƟon tree can 
be given any number of uncertainty sources acƟng on it. These uncertainty sources can have their magnitudes, distribuƟons 
and autocorrelaƟons individually specified. Importantly, all uncertainty sources are assumed to be independent. 

Each variable in the equaƟon tree is either pre-defined (constants), read from a CSV file (Ɵme-series of measurements) or 
calculated from other variables through a defined equaƟon. Upon execuƟon, the code will load an equaƟon tree, checks 
whether it is well-defined, populates variables from specified CSVs, performs opƟonal data preprocessing and calculates all 
values and uncertainƟes of the variables in the equaƟon tree.  

 

Figure 3.1: Illustration of the equation tree for the temperature-corrected performance ratio. 

The code is designed such that the procedure outlined in the previous paragraph can be easily iterated over for mulƟple CSVs. 
AddiƟonally, automaƟc Ɵme-matching of CSVs with different temporal resoluƟon can be performed. 

Data preprocessing steps can be easily integrated in the process. Data preprocessing is used here as an umbrella term 
invesƟgaƟng the presence of missing or unphysical datapoints. Unphysical datapoints can be widely interpreted, it may for 
instance include nonzero irradiance measurements during nighƫme or measured values above or below a maximum allowed 
value. The code integrates the pvlib python library to opƟonally calculate the solar zenith angle at each datapoint. The solar 
zenith angle tells us whether we expect irradiance and power output measurements to be zero (for angles greater than 90°) 
or non-zero (for angles smaller than 90°). Preprocessing funcƟonaliƟes also include imputaƟon of missing data through linear 
interpolaƟon that can be performed if desired. 

 

3.2.4 Data for Uncertainty CalculaƟons 

This research has employed two different datasets containing solar irradiaƟon, power output and temperature data spanning 
1 year. The purpose of this research is not to quanƟfy the uncertainty budget of a single uƟlity-scale power plant as closely 
as possible. The goal is rather to obtain the theoreƟcal uncertainty budget of a powerplant when adhering to uncertainty 
specificaƟons of widely used standards, and from there to idenƟfy promising avenues of uncertainty reducƟon and the 
theoreƟcal impact of these reducƟons in acceptance tesƟng. 
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Therefore, the data served to facilitate this assessment by allowing us to convert relaƟve bounds to absolute values and vice 
versa. While datasets of uƟlity-scale power plants are preferable, these are oŌen proprietary and not publicly available. Data 
of small-scale setups was therefore used in this research.  

Furthermore, datasets oŌen exclusively report the measured POA irradiance instead of the analogue pyranometer output 
and a sensiƟvity. In order to properly calculate all uncertainƟes, the output voltages will be determined from the listed 
irradiance using an assumed sensiƟvity of 15 μ𝑉 ⋅ 𝑊ିଵ𝑚ଶ, which was also used by Konings and Habte (2015). Similarly, 
datasets will not always include back-of-module temperature. The back-of-module temperature will in such cases be 
esƟmated through formula (2.10), as provided in the IEC 61724-2 document. The formula is repeated here for convenience: 

𝑇mod ≈ 𝐺௉ை஺ ⋅ ൫𝑒௔ା௕⋅஝ೈ൯[°𝐶𝑚ଶ/𝑊] + 𝑇௔ . (3.5) 

The esƟmated module temperature will be treated as if it was measured using a temperature sensor. The intended 
applicaƟon of this work’s results is for uƟlity-scale power plants, which have dedicated back-of-module temperature sensors. 
Including the epistemic uncertainty of the above formula in the analysis is therefore not relevant. 

The following datasets were selected: 

 Dataset 1 is from a research setup on the roof of the SolarTech lab of the Polytechnic University of Milan, located at 
(N 45° 30’10.3’’, E 9° 09’ 23.66’’) and was made available following a publicaƟon by Leva et al. (2020). The dataset 
contains 1 year of power output, POA and global horizontal solar irradiance, ambient temperature, wind speed and 
humidity data at single-minute resoluƟon. The data covers the period from 1-1-2017 to 31-12-2017. However, in the 
accompanying paper it is stated that not all days are available due to faults and disconnecƟons. 
The experimental setup consists of a single (monocrystalline) PV module Ɵlted at 30° with a listed power raƟng of 
245 𝑊௣. It has a listed measurement accuracy for the output power of ±3%, but this will be replaced by the IEC 
61724-1 bound for class A monitoring systems. This is listed as 0.2% for regular operaƟng condiƟons (unity power 
factor and operaƟng current greater than 5% of the maximum rated current). The used pyranometer is listed as ISO 
9060 class A compliant. The maximum-power temperature coefficient is assumed to be 𝛾 = −0.45% for this module, 
which is taken from the datasheet of a PV module of similar specificaƟons (Suntech STP245S – 20Wd module; 
monocrystalline PV module rated at 245 𝑊௣). 

 Dataset 2 is from a ground-mounted PV powerplant near Irece, Brazil, located at (S 11° 19′ 35″, W 41° 51′ 56″). The 
dataset was made available accompanying a publicaƟon by Ribeiro et al. (2021). The datasets contains 1 year of 
power output, voltage, current, module temperature, ambient temperature, POA irradiance, humidity, wind speed 
and other environmental data, spanning from 1-8-2018 to 31-7-2019. The output power and module temperature 
data is of 15-minute resoluƟon while the environmental data is of 1-minute resoluƟon. The accompanying 
publicaƟon states missing data during May and early June due to an inverter malfuncƟon. Data inspecƟon showed 
this malfuncƟon lasted from April 17th to June 12th. 
The data concerns a single array totaling 96 PV modules Ɵlted at 15°.  The modules are rated at 97.5 𝑊௣  with a 
maximum-power temperature coefficient 𝛾 = −0.29%.  

 

Data will be separated by day and the PR and temperature-corrected PR and their uncertainƟes will be calculated separately 
for each day. Before calculaƟon, the single-day data will pass through a preprocessing step which does the following: 

 Check for unphysical and extreme values and change these to ‘missing data points’. These include: negaƟve power 
or irradiance data and temperatures outside environmentally expected ranges (-10 to 50 °C). 

 Interpolate single missing values: if a missing data point is bordered on both sides by regular data, the missing 
datapoint will be linearly interpolated by these values. 

 Check for remaining missing data during dayƟme hours. This can be done either by comparing to the solar zenith 
angle or by checking whether the missing values are contained in the ‘body’ of the data. 
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 Check for non-zero data during nighƫme hours for data expected to be zero at this Ɵme. Done by comparing to the 
solar zenith angle. OpƟonal cleaning of this data in case the errors are small. 

The data preprocessing steps are designed to filter out incomplete days, while being flexible enough that isolated missing 
datapoints will not invalidate an enƟre day of data. 

AŌer computaƟon a postprocessing step is performed that automaƟcally flags days where calculated quanƟƟes such as the 
PR assume uncommon values, prompƟng manual inspecƟon of the cause of this data. It may be the case that days containing 
faulty data passed through the preprocessing filters. 

 

A meaningful extension to this research would be to repeat the uncertainty calculaƟons using more datasets that preferably 
concern large to uƟlity-scale PV systems. A potenƟal starƟng point to this end is the publicly available database3 of PV system 
data that accompanies the publicaƟon by French et al. (2021). The code developed for this research can be applied for this 
purpose and is publicly available through the repository listed in appendix C.  

 

3.3 Conformity Assessments using Uncertain InformaƟon 

The literature study revealed that performance metrics play an important role in plant construcƟon and maintenance quality 
guarantees, giving rise to situaƟons where significant financial interests of asset owners and the contractors for EPC and 
O&M work depend on the measured value of a given metric. The review in secƟon 2.4.1 idenƟfies various conformity 
assessment methods for performance guarantee clauses described literature. According to most reviewed sources, 
uncertainty is usually disregarded completely, or included through an implicit guard band of 3-5%. A single source stated 
inclusion of uncertainty through by defining an exceedance probability level as the acceptance criterion. 

Post-construcƟon acceptance tesƟng is an especially prominent use case of performance metrics. In our review of EPC 
contracƟng pracƟces in the uƟlity-scale PV industry, we saw that 5-15% of EPC contract value is oŌen Ɵed to the plant passing 
the final acceptance test. In case the guaranteed performance is not achieved by the plant, damage clauses usually specify 
the EPC contractor owes damages to the plant owner that are determined as the net present value of the missed lifeƟme 
energy yield of the plant. Moreover, the EPC contractor may be liable to pay the full plant construcƟon cost in case a minimum 
performance (lower than the guaranteed performance) is not achieved. 

Similar clauses are defined for service quality assessment in O&M contracts, which usually define yearly conformity 
assessments to performance guarantees. Again, the liquidated damages owed to the asset owner in case of 
underperformance tend to cover the foregone revenue of the missed energy yield, or are otherwise specified as a fixed 
percentage of the contract value per percentage-point underperformance. Liquidated damages are typically capped at 100% 
of the O&M contract value, with a clause for possible terminaƟon of the contract in case of severe underperformance.    

Unique insights may be obtained by placing the calculaƟons of achievable uncertainty in PR (and the relaƟve contribuƟons 
of the consƟtuent sources) outlined in the previous secƟon in the context of performance guarantee conformity assessment. 
Specifically, we are interested in determining the financial risk assumed by asset owners and EPC and O&M contractors in 
current pracƟces, given the calculated magnitude of the uncertainty in performance raƟo. 

In this work, we define financial risk as the cost incurred by a party in case an event occurs, Ɵmes the occurrence probability 
of this event. MathemaƟcally: 

 
 

3 Database can be found at: https://osf.io/vtr2s/overview  
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risk = $(cost of event) ⋅ 𝑃(event). (3.6) 

This secƟon will exclude the eventuality that the enƟre plant is rejected from the consideraƟon, since the cost of such an 
event differs from standard liquidated damages by two orders of magnitude.  

 

In literature, it is stated that the damages owed by the EPC contractor are equal to the net present value of the missed 
income over plant lifeƟme due to the lower-than-guaranteed performance. For O&M contracƟng, literature stated that the 
penalty should cover the missed income due to underperformance during the considered year.   Since we have seen that 
conformity assessments someƟmes apply guard bands or other adjustments to the guaranteed PR to set a PR at which 
damage clauses trigger, we will define the laƩer as the required PR. We denote the required and measured performance 
raƟos as 𝑃𝑅ோ and 𝑃𝑅ெ.   

 

Determining the liquidated damages is easier in case of underperformance in O&M contracƟng, since we are dealing with 
measured values instead of lifeƟme projected values. The O&M best pracƟces handbook by NREL et al. (2018) provides a 
calculaƟon of the form 

Liquidated Damages =  (𝑃𝑅ோ − 𝑃𝑅ெ)௉ோಾழ௉ோೃ
⋅ 𝑃଴ ⋅ 𝑝 ⋅ measured irradiation in kWh, (3.7) 

With 𝑝 the average PPA tariff per MWh of generated energy over the considered period. Typically, the 𝑃𝑅ோ is lowered each 
year to account for the projected plant degradaƟon over Ɵme.  

 

While the missed revenue relaƟvely straighƞorward to determine for O&M contracƟng, this is not so for post-construcƟon 
acceptance tesƟng, which requires an ex ante calculaƟon of the value of the missed yield over the enƟre plant lifeƟme. 
However, we will apply the same philosophy as in equaƟon (3.7).  

The performance raƟo is the realized energy yield ∑ 𝑃௢௨௧,௞τ௞௞ , divided by the rated yield of the plant given the measured 

total hours of STC irradiaƟon: 𝑃଴ ⋅
∑ ீೖதೖೖ

ீೄ೅಴
 . CorrecƟon factors simply append this raƟo to account for external factors 

influencing module or plant efficiency, such as temperature. The performance raƟo can thus be used to obtain an esƟmate 
of the energy yield over a period of Ɵme, given an esƟmate of the expected solar irradiaƟon during this Ɵmeframe (in terms 
of total hours of STC irradiance, or kWh): 

Expected yield = 𝑃଴ ⋅ 𝑃𝑅 ⋅ expected irradiaƟon in kWh. (3.8) 

Naturally, 𝑃𝑅  is replaced by 𝑃𝑅ଶହ  depending on contractual specificaƟons. Further correcƟons can be applied to the 
expected yield to account for downƟme or degradaƟon by simply mulƟplying the rated capacity with their respecƟve loss 
factors. So, if degradaƟon is 5% we can mulƟply 𝑃଴ by 0.95.  

In the event that the measured performance raƟo is lower than the required value, we can calculate the missed yield over 
the plant lifeƟme according to formula (3.8) as  

Missed yield = (𝑃𝑅ோ − 𝑃𝑅ெ)௉ோಾழ௉ோೃ
⋅ 𝑃଴ ⋅ expected irradiaƟon in kWh. (3.9) 

Again, extension to include degradaƟon and downƟme is straighƞorward.  The obtained expression is also found in literature: 
the report by SolarPower Europe (2021) presents an idenƟcal expression for the foregone yield. 

The revenue shorƞall is obtained by mulƟplying the foregone yield in MWh with the price of one MWh of electricity. However, 
since PV plant lifeƟme is typically upwards of 20 years, future cash flows must be discounted to their net present value. 
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Moreover, the price per MWh is also not necessarily constant. We have seen in our treatment of PPAs that physical PPAs 
oŌen contain escalator clauses, and that virtual PPAs allow sale of electricity against market price. 

To keep calculaƟons manageable we view the missed income as an annuity; it is treated as a series of yearly missed incomes. 
Let us index the years by 𝑛, assume a constant discount rate 𝑑, the total years of plant lifeƟme as 𝑁, assume a constant linear 
annual degradaƟon at rate 𝐷, a guaranteed plant availability of 𝑇 , and define the price of electricity in year 𝑛 as 𝑝௡. The net 
present value of the missed revenue, and thus the amount owed to the asset owner by the EPC contractor, is then  

𝑁𝑃𝑉(missed yield) =

෍
𝑝௡

(1 + 𝑑)௡

ே

௡ୀଵ

(𝑃𝑅ோ − 𝑃𝑅ெ)௉ோಾழ௉ோೃ
⋅ 𝑃଴ ⋅ (1 − 𝑛𝐷) ⋅ 𝑇 ⋅ expected annual irradiaƟon in kWh.   (3.10)

 

For brevity, we define  

ξ = ෍
𝑝௡

(1 + 𝑑)௡

ே

௡ୀଵ

⋅ 𝑃଴ ⋅ (1 − 𝑛𝐷) ⋅ 𝑇 ⋅ expected annual irradiaƟon in kWh, (3.11) 

which allows to write the above expression as  

𝑁𝑃𝑉(missed yield) = (𝑃𝑅ோ − 𝑃𝑅ெ)௉ோಾழ௉ோೃ
⋅ ξ. (3.12) 

Observe that equaƟon (3.7) can be wriƩen in an idenƟcal way by replacing   

ξ = 𝑃଴ ⋅ 𝑝 ⋅ measured irradiation in kWh. (3.13) 

We see that conformity assessment to performance guarantees is separable into a difference between the measured PR 
and a required PR (which is determined by the specific acceptance tesƟng clause) and a parameter ξ characterizing the 
amount of liquidated damages per absolute percentage underperformance. 

On the errors in determining amounts payable by the EPC and O&M contractors. 

Although the contractor is beholden to explicit financial costs given by the above expression in case of 
(measured) underperformance, there are also unknowable costs associated with the acceptance tesƟng 
process. These costs are unknowable because they are caused by imperfect measurement of the 
unknowable true value of the performance raƟo, 𝑃𝑅்.  
 
Firstly, the asset owner may incur financial losses in case a type-1 error (false posiƟve) is made during 
the conformity assessment. This means that, due to a measurement error, the measured 𝑃𝑅ெ is greater 
than the required 𝑃𝑅ோ, while the unknown true 𝑃𝑅் is actually lower than the required value. Thus, 
type-1 errors are at the financial risk of the asset owner. In this case, the asset owner will mistakenly 
accept the plant and forego the damages equal to 
 

𝑁𝑃𝑉(missed yield) = (𝑃𝑅ோ − 𝑃𝑅்) ⋅ ξ. (3.14) 
 
Secondly, in case a type-2 error is made, the contractor will pay the previously derived contractually 
agreed upon damages to the asset owner, while in actuality the plant conforms to the performance 
guarantee. 
 
Lastly, there is the case where 𝑃𝑅் < 𝑃𝑅ோ, but the amount of damages deviates from the true value: 
 

𝑁𝑃𝑉(erroneous damages) = (𝑃𝑅ெ − 𝑃𝑅்) ⋅ ξ. (3.15) 
 
A posiƟve value indicates the contractor paid too liƩle, a negaƟve value indicates the contractor paid 
too much. Thus, these errors can be at the risk of both the asset owner and the EPC or O&M contractor. 
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To assess the financial risk of the EPC and O&M contractors, we will calculate the expected value of the owed damages. Since 
expressions (3.7) and (3.10) are idenƟcal up to the definiƟon of ξ, the derivaƟon in this secƟon is applicable to both EPC and 
O&M performance guarantees. 

MathemaƟcally, we are interested in the expected value of a funcƟon 𝑓(𝑥)  that is dependent on a random variable 𝑥 . 
Moreover, we have the condiƟonal probability distribuƟon of 𝑥 given the value of a quanƟty 𝑎 that is fixed and known. The 
expected value of 𝑓(𝑥) is then given by 

E(𝑓(𝑥)|𝑎) = න 𝑓(𝑥)P(𝑥|𝑎)𝑑𝑥 . (3.16) 

In our case, the funcƟon 𝑓 is the cost funcƟon of the EPC or O&M contractor and 𝑥 is the measured 𝑃𝑅ெ. The condiƟonal 
variables are the variables which characterize the probability distribuƟon: the unknowable true performance raƟo 𝑃𝑅் and 
the measurement uncertainty 𝑢௉ோ. 

The probability that a powerplant fails to meet the required performance upon measurement, meaning that the contractor 
has to pay some amount of damages, is given by 

P(fail | 𝑃𝑅் , 𝑢௉ோ) = න N(𝑃𝑅ெ;  μ = 𝑃𝑅் , σ = 𝑢௉ோ)𝑑𝑃𝑅ெ

௉ோೃ

଴

, (3.17) 

where N(𝑥; μ, σ) denotes the probability density funcƟon of a normal distribuƟon, 

N(𝑥; μ, σ) =
1

√2πσଶ
𝑒

ି 
(௫ିஜ)మ

ଶ஢మ . (3.18) 

The expected financial cost for the contractor is then, using expression (3.12), given as 

E(payment |𝑃𝑅் , 𝑢௉ோ) = න (𝑃𝑅ோ − 𝑃𝑅ெ) ⋅ ξ ⋅ N(𝑃𝑅ெ;  μ = 𝑃𝑅் , σ = 𝑢௉ோ) 𝑑𝑃𝑅ெ

௉ோೃ

଴

. (3.19) 

We assumed here that the probability density funcƟon of the measured PR is normally distributed around the true PR with 
the measurement uncertainty as standard deviaƟon. This is in accordance with the GUM framework; an (analyƟcal) analysis 
of the probability distribuƟon of the measured PR is beyond the scope of this work. RealisƟcally, the probability distribuƟon 
may be skewed or contain a bias to one side. 

Another financial risk measure is the α-% value-at-risk, which is the financial loss that is exceeded in the worst α% of cases, 
with common values for α ranging between 2.5-10%. MathemaƟcally, it is given as 

α% Value-at-Risk = (𝑃𝑅ோ − 𝑃𝑅ெ) ⋅ ξ│௉ோಾ= α% quantile of N(ஜୀ௉ோ೅ ,஢ୀ௨ುೃ) (3.20) 

  

The value-at-risk provides insight in the loss that is incurred in worst-case scenarios for the EPC and O&M contractors and 
thus helps us invesƟgate what happens to the tail-end of the liquidated damages for various cases. 

We can disƟnguish two types of acceptance tesƟng clauses from the literature, either implemenƟng an implicit guard band 
δ or explicitly including the measurement uncertainty. In this work, the following acceptance tesƟng clauses are considered. 

 Type 1:   𝑃𝑅ோ = 𝑃𝑅ீ  −  δ,  with δ ∈ {0%, 3%, 5%}, 
 Type 2:   𝑃𝑅ோ = 𝑃𝑅ீ + 𝑘 ⋅ 𝑢௉ோ, with 𝑘 =  ±1, 1.28, 1.96. 

Case 1 is a simple test in which uncertainty is either ignored completely (δ = 0) or is considered through an implicit guard 
band (δ > 0). In the second case, the conformity assessment is explicitly dependent on the measurement uncertainty. The 
posiƟve coverage factors yield the 84%, 90% and 97.5% exceedance levels, negaƟve coverage factors their reciprocals. 
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 3.2a: Type 1 with 𝛿 = 0%. 

 
 3.2b: Type 1 with 𝛿 > 0%. 

  

 
 3.2c: Type 2 with 𝑘 >  0. 

 
3.2d: Type 2 with 𝑘 <  0.  

Figure 3.2: IllustraƟon of different types of conformity assessment following the model in this thesis. Figures show the probability distribuƟon of 𝑃𝑅ெ 
for a true PR lower than the guaranteed PR in different tesƟng cases. The shaded area equals the probability that the plant gets rejected (𝑃𝑅ெ <

𝑃𝑅ோ). Liquidated damages are shown in the dashed line. 

The expected liquidated damages are dependent on three free variables: 𝑃𝑅ீ, 𝑃𝑅் and 𝑢௉ோ , and the tesƟng type. However, 
it can be characterized by just two degrees of freedom: the uncertainty 𝑢௉ோ and the distance between 𝑃𝑅ீ  and 𝑃𝑅். This is 
because performance guarantees are usually far higher than 0 and the measurement uncertainƟes σ (at k=1) are in the range 
of 1-5%. The probability density of 𝑃𝑅ெ near 0 is therefore negligible in pracƟcal cases, meaning we can safely disregard the 
degree of freedom in the distance between 𝑃𝑅ீ  and 0. 

We assess the risk for the EPC and O&M contractors by determining the expected value of the owed damages, the probability 
of failing the acceptance test, the error in the owed damages and the 5% value-at-risk for different situaƟons, defined by the 
acceptance tesƟng clause, the true value of the PR and the value of the PR uncertainty. Because Gaussian integrals over a 
generic range as above are not analyƟcally integrable these calculaƟons are performed numerically using python. For all 4 
acceptance clauses, the probability of failing the test and the expected loss (in units of ξ) are determined for a grid of possible 
values (𝑢௉ோ   , 𝑃𝑅் − 𝑃𝑅ீ).  

Importantly, these calculaƟons will disregard the possibility of the power plant being rejected completely in cases of 
significant underperformance. LiƩle informaƟon on such procedures was found in literature and the financial risk for the EPC 
and O&M contractors associated with this eventuality is orders of magnitude greater than the liquidated damages for slight 
underperformance. Hence, assessment of this risk is best assessed in the form of occurrence probability. The results of 
equaƟon (3.17) can be reinterpreted to this end. 
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In addiƟon to this, an analysis of the relaƟve magnitude of ξ to the total contract value in post-construcƟon acceptance 
tesƟng is performed using realisƟc values from literature. Specifically, we use the data from the 2025 uƟlity-scale solar data 
update by Seel et al. (2025), which contains recent esƟmates regarding EPC CapEx, PPA pricing, degradaƟon rates and annual 
solar irradiaƟon for the US uƟlity PV sector. Values used in this work are the average, or ‘P50’, values for these variables as 
listed in this menƟoned work. The report does not provide discount rates or PPA escalaƟon factors and has instead performed 
a discount calculaƟon for the PPA tariff already; the reported PPA prices are the levelized PPA tariffs over plant lifeƟme. 
InteresƟngly, the average levelized cost of energy (total lifeƟme costs divided by total lifeƟme energy generaƟon) is reported 
to be higher than the average levelized PPA price, indicaƟng an average net financial loss over plant lifeƟme at present.  

Table 3-4: Values used for the net present value calculaƟon of the foregone energy in case of plant underperformance. Values are US-industry averages 
taken from Seel et al. (2025), unless specified otherwise. 

Variable Value 
Levelized PPA tariff 29                  $/MWh 
CapEx per WaƩ capacity 1.61               $/WAC 

DegradaƟon rate 𝐷 -1.6                % / year 
Average STC irradiaƟon 3 / 4.5 / 6      kWh/m2/day* 
Guaranteed upƟme 99                  %** 
OperaƟonal plant lifeƟme 23                  years*** 
Power raƟng 100                MWAC*** 

Not used for the calculaƟons 
Levelized OpEx 5                     $/MWh 
Levelized cost of energy (LCOE) 60                   $/MWh  
LCOE including tax credits 41                   $/MWh 

*Low, medium and high irradiance values, realisƟc esƟmates for different areas of the US, 
taken from Seel et al. (2025).  

** Value taken from SolarBankability Project (2016).  
***RealisƟc values chosen by the author. 
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4. Results 

4.1 Sector Analysis & Interviews 

An analysis of the uƟlity-scale solar PV sector was performed in order to understand when and how solar irradiance 
measurements play are uƟlized throughout the value chain. IniƟal desk research focused on mapping the typical lifecycle of 
uƟlity-scale PV power plants to facilitate idenƟficaƟon of different use cases of solar irradiance measurements. This work 
resulted in the lifecycle model discussed in secƟon 2.1.1 and shown in figure 2.1. The uses of solar irradiance measurements 
were idenƟfied for each part of the lifecycle and can be broadly categorized between energy yield forecasƟng and PV plant 
performance assessment. In figure 4.1 the uses of solar irradiance measurements are placed in their respecƟve phases of 
the PV power plant lifecycle. 

 

Figure 4.1: Solar PV power plant lifecycle of with the uses of solar irradiance measurements shown per phase of the lifecycle. Upper uses (dark red) 
concern plant performance metrics, lower (light red) uses are applicaƟons of energy yield forecasts. 

The purposes and stakeholders were mapped for each use case and technical literature was consulted to understand 
contemporary methods of calculaƟng energy yield forecasts and performance metrics, with specific aƩenƟon to the ways in 
which uncertainty is incorporated. From this analysis and the results of the first round of interviews, the present literature 
gaps with respect to inclusion of pyranometer uncertainty were idenƟfied, with the most promising research avenue being 
idenƟfied as performance metrics and their use in acceptance tesƟng. In literature, performance raƟo guarantees in 
construcƟon and maintenance quality assessment were found to be menƟoned by mulƟple sources as important elements 
of EPC and O&M contracts, that are accompanied by penalty payment clauses that come into effect when these guarantees 
are not achieved. Liquidated damages were found to be defined as being proporƟonal to the value of the missed energy yield 
due to underperformance. As will be discussed in greater detail in secƟon 4.3, such damages can be in the range of millions 
of dollars for large powerplants. AddiƟonally, uncertainty esƟmates of performance metrics were found to range between 2-
8% in technical literature. 
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Notably, no work was found in which an analysis was made on the influence of consƟtuent uncertainty sources to this total, 
the impact of potenƟal improvements to this uncertainty or the influence of uncertainty in the use cases of performance 
metrics.  

 

From the literature, it became apparent that the post-construcƟon acceptance process of a power plant does not assume 
one singular form, but varies on a case-to-case basis. Compiling informaƟon on this process revealed numerous possible 
variaƟons, including in the total duraƟon of the test, the requirements on solar irradiance for days to be included in this test, 
the chosen performance metric and the conformity assessment of the measured performance metric to the guaranteed 
value. Test duraƟon can range from a few days of high irradiance to all days over the course of two years. The performance 
metric chosen for the test can be the total plant capacity, or a dedicated performance metric such as the performance raƟo. 
Moreover, the ways in which uncertainty is included in conformity assessment and the associated risk allocaƟon due to 
uncertainty may vary as well. 

Literature most commonly described a test in which the measured performance raƟo is compared against a guaranteed 
performance raƟo, with the test lasƟng 6 months to 2 years. Conformity assessment was framed as a direct comparison 
against the guaranteed value with an opƟonal inclusion of a guard band at the risk of the final asset owner. A single source 
instead included the uncertainty through an explicit (2.5%) exceedance probability level of the considered metric. Short-term 
capacity tests on clear-sky days were also stated to be commonplace. 

Performance guarantees for O&M service quality assessment were similarly described as long-term acceptance tests, with a 
periodic (annual) assessment of the measured performance raƟo against a guaranteed value. The guaranteed performance 
raƟo was stated to be decreased over the plant lifeƟme to account for degradaƟon beyond the O&M provider’s control. 

The amount of liquidated damages was found to be linked to the net present value of the projected foregone lifeƟme energy 
yield due to post-construcƟon underperformance, or the value of the missed energy yield over the tesƟng period in case of 
O&M underperformance. The mathemaƟcal analysis in secƟon 3.3 found the damage clauses for both cases to be separable 
into a common form: the absolute underperformance of the plant mulƟplied by a cost factor ξ.  

The sector analysis also made apparent some circumstances in which performance guarantees are typically not 
commonplace, specifically with regards to verƟcal integraƟon of firm acƟviƟes along the solar PV value chain. Literature 
explicitly stated that performance raƟo guarantees tend to be less common in the third-party O&M service contractor market, 
since these contractors are unwilling to assume responsibility for a metric that is in large part determined by construcƟon 
quality, which they have no control over. Instead, such guarantees in O&M contracts are typically encountered in cases where 
the EPC and O&M contractors are the same enƟty or affiliated companies. Similarly, liquidated damages in case of 
underperformance are only relevant in situaƟons where the asset owner and the service provider are different enƟƟes. 

 

The literature study was supplemented by a qualitaƟve research component intended to verify the findings of the literature 
study, with a secondary objecƟve to potenƟally obtain new insights. In total, the qualitaƟve research process encompassed 
12 informal conversaƟons and 6 formal interviews. Explicit informed consent was only obtained for the formal interviews, 
therefore results of the informal conversaƟons will not be included in this report. The informal conversaƟons served to inform 
the research direcƟon during the early stages of this work. 

Due to privacy consideraƟons, no idenƟfiable informaƟon about the interviewees is made available, nor are transcripts of 
the interviews publicly accessible. This informaƟon was made available exclusively to the university-employed members of 
the graduaƟon commiƩee.  

The firms to which the interviewed professionals belong are acƟve in different secƟons of the solar PV value chain, listed in 
table 4-1. 
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Table 4-1: Company acƟviƟes of interviewees. 

Company 1 Meteorological monitoring system provider, SCADA provider 
Company 2 Project developer, EPC, O&M, asset manager/owner, electric uƟlity 
Company 3 Project developer, EPC, asset manager/owner 
Company 4 Energy yield assessments, SCADA provider 
Company 5 Energy yield & performance assessments, uncertainty quanƟficaƟons 
Company 6 Project developer, EPC, asset manager/owner 

 

Of the interviewed companies, 3 are US-based, 2 are located in Europe and 1 is located in India. 

In response to being quesƟoned on most common performance assessment pracƟces, the US-based companies menƟoned 
the ASTM E2848 as the most-used performance assessment standard, while the other, non-US, companies stated the PR is 
primarily used, highlighƟng regional differences in performance assessment methodologies. 

An interviewee from one of the European companies stated that they and other European-based companies employed 
internal performance assessment procedures instead of strictly adhering to a specific standard,  while US-based companies 
tend to follow the ASTM E2848 standard.  

With regards to EPC acceptance tesƟng, this interviewee stated that explicit inclusion of uncertainty of the performance 
metric, for instance through the form of a P90, is not industry pracƟce. Rather, it was stated that the measured performance 
raƟo and modelled performance raƟo are determined under supervision of a third-party engineer, and an acceptance 
cerƟficate is issued if these two values are within a certain (stated 5%) margin of each other.  

This methodology was also outlined by the interviewees of the other European company and the US based companies: the 
performance requirement is defined as needing to be withing a certain margin of what is calculated by a previously agreed-
upon computaƟonal model of the power plant. In other words, the performance guarantee is based upon the predicƟon of 
a computaƟonal model with inclusion of an implicit guard band. The predicted performance raƟo is stated to be calculated 
using the P50 values of the measured environmental data and the modelled yield under these condiƟons. MulƟple 
interviewees stated that PVsyst is their soŌware of choice for determining performance guarantees. 

With the excepƟon of Company 5, that specializes in uncertainty calculaƟons, the measurement uncertainty in the 
performance metric of choice is determined by an independent engineer that is trusted by all involved parƟes to the post-
construcƟon acceptance test.  

One company stated that they possess internal tools for rudimentary uncertainty evaluaƟons to determine P75 or P90 values 
by applying an uncertainty margin post-measurement, but that this methodology is not used in relaƟon to yield forecasƟng 
or acceptance tesƟng.  

Although the topic was not discussed with all interviewees, one EPC company that is acƟve in both turnkey as well as build-
own-operate PV development projects stated that post-construcƟon acceptance tesƟng is performed in both cases, but that 
the requirements are significantly less strict in the laƩer case. This interviewee stated that an analysis of the measurement 
data is only performed in case the internal performance guarantee is not met.  AddiƟonally, this interviewee stated that, in 
such cases, the invesƟgaƟon may also be directed at potenƟal overperformance in the model and that comparisons may be 
performed between different yield assessment models when it is suspected that this is the case. 

Finally, EPC companies confirmed that liquidated damages in case of underperformance are part of turnkey EPC contracts. 
One European-based company explicitly confirmed damages being defined as a contractually agreed upon fixed payable 
amount per 1/10th percentage-point underperformance in the PR, thus corroboraƟng what is described in literature. This 
company also stated that no rewards to the EPC contractor are coupled to overperformance in the PR, a pracƟce that has 
disappeared due to compeƟƟon in the EPC industry. 
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4.2 Uncertainty CalculaƟons 

4.2.1 Data InspecƟon and Cleaning 

An iniƟal inspecƟon of the datasets showed that they are both affected by missing data.  

 In dataset 1, the data filtering resulted in a selecƟon of 195 out of 365 days suitable for further analysis. Of the 170 
days that were deemed unsuited, 160 were missing power output data during the day, 1 contained significant power 
output during nighƫme, 3 contained non-isolated extreme temperature readings, 2 contained significant solar 
irradiance measurements during nighƫme and 4 were excluded upon visual inspecƟon due to uncommonly low 
overall power output values. 

 In dataset 2, the data preprocessing steps resulted in a selecƟon of 297 valid days out of 308 available days. 57 days 
were excluded from the start due to an inverter malfuncƟon between April 17th and June 12th. Of the 11 days filtered 
from the data, 4 days were missing output power data during dayƟme, 5 were missing solar irradiance data during 
dayƟme, 4 were missing solar irradiance data and 2 had faulty Ɵmestamps leading to incompaƟbility with the code. 

In figure 4.2, the total daily solar irradiaƟon and system power output is shown for each valid day. The gaps in the data can 
be clearly seen in these figures: dataset 1 has a large gap during November and numerous small gaps throughout the year 
that seem relaƟvely randomly spaced, whereas dataset 2 has a single large gap from mid-April to mid-June due to the inverter 
outage, and a few randomly spaced gaps throughout the rest of the year.  

  

Figure 4.2a: Total daily solar irradiaƟon and power output for valid days 
of dataset 1. 

 Figure 4.2b: Total daily solar irradiaƟon and power output for valid days 
of dataset 2. 

 

 
4.3a 

 
4.3b 

Figure 4.3: ScaƩerplots of daily total power output against irradiaƟon for dataset 1 (a) and dataset 2 (b). The red lines show the linear least-squares fit 
to the data. 
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Visual inspecƟon of figure 4.2 appears to indicate a posiƟve correlaƟon between irradiaƟon and power output, as we would 
expect. The linear relaƟonship can be seen more explicitly in the scaƩerplots of figure 4.3. 

InteresƟngly, there appears to be a seasonal dependence in the irradiaƟon for dataset 1 and not for dataset 2. A possible 
explanaƟon for this is the difference in laƟtude between the two sites; dataset 1 lies at mid-laƟtude in a conƟnental climate 
while dataset 2 concerns a system in a tropical climate near the equator.   

 

A selecƟon of graphs illustraƟng faulty data from dataset 1 is provided in figure 4.4, showing non-zero power output data 
during the night of 7-12-2017, and zero power output during the morning of 16-12-2017. Both days were excluded from 
subsequent computaƟons, as are all days caught by the filtering process described in secƟon 3.2. 

It might be argued that the early-morning gap in the data as showed in 4.4b does not indicate erroneous data, but rather 
shading of the module due to an obstacle. However, in such cases one can reasonably expect this shading to occur for 
mulƟple consecuƟve days due to the slow change of the solar diurnal path. Since this is not the case, we cannot confidently 
dismiss the possibility that the data is incomplete, hence the data is excluded from further analysis. 

 

 
4.4a: Power output and solar elevaƟon data of  

7-12-2017, excluded due to nighƫme power generaƟon. 

 
4.4b: Power output and solar elevaƟon data of  

16-12-2017, excluded due to zero power generaƟon 
during the day. 

Figure 4.4: Examples of excluded days from dataset 1. 

 

4.2.2 Uncertainty in Performance RaƟo Measurements 

The 1-minute solar irradiance data including uncertainty (at k=2) for a clear-sky day in late spring and an overcast day in late 
winter from dataset 1 are presented in figure 4.5. Their associated absolute and relaƟve uncertainƟes split between the 
individual pyranometer uncertainty sources are presented in 4.6. 

 

 
4.5a: Clear-sky day (30-05-2017) 

 
4.5b: Overcast day (08-02-2017) 

Figure 4.5: Normalized solar irradiance for two days of dataset 1. Red area indicates uncertainty at level k=2. 
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We can observe in figure 4.5 that the maximal irradiance during the overcast day is about a factor 6 lower than the irradiance 
during the clear-sky day. Total irradiaƟon is 0.6 and 7.8 𝑘𝑊ℎ ⋅ 𝑚ିଶ for the overcast and clear-sky days respecƟvely, a factor 
13 difference. This is in part due to seasonal effects; the total irradiaƟon raƟo between an overcast and clear-sky day within 
the same week of September yields a factor 3 difference, for instance.  

The uncertainty splits for the days in figure 4.5 are shown in figure 4.6. As is to be expected, the relaƟve uncertainty sources 
are significantly less influenƟal to the total measurement uncertainty during days of low irradiaƟon, by virtue of the absolute 
errors being larger relaƟve to the total signal. During solar noon, the relaƟve uncertainty in irradiance is 2-3 Ɵmes higher 
during the overcast day than during the clear-sky day.  

The shape of the absolute and relaƟve uncertainty in figure 4.6a roughly corresponds to pyranometer uncertainty 
calculaƟons found in literature. The absolute uncertainty increases during the day due to the nominal increase of sources 
with relaƟve bounds, while the relaƟve uncertainty is lowest during Ɵmes of high solar irradiance and diverges as the 
irradiance tends to 0 at low solar elevaƟon angles.  

 
4.6a: Clear-sky day (30-05-2017) 

 
4.6b: Overcast day (08-02-2017) 

Figure 4.6: Absolute (leŌ) and relaƟve (right) solar irradiance uncertainty split by root source for a clear-sky day (a) and overcast day (b) from dataset 1. 

The characterisƟcs in figure 4.6a differ slightly from those in figure 2.5 from Habte et al. (2024) and from the characterisƟcs 
found by Konings and Habte (2015). The absolute uncertainty in those calculaƟons falls off towards 0 at low solar elevaƟon 

angles because the direcƟonal response error bound is mulƟplied by a factor ீುೀಲ

ீೄ೅಴  ௖௢௦(ఏ)
, with 𝜃 the solar zenith angle (recall 

from table 2-1 that the direcƟonal response error limit is defined relaƟve to a beam radiaƟon with a 1000 𝑊 ⋅ 𝑚ିଶ at normal 
incidence). The figures in Habte et al. (2024) and Konings and Habte (2015) do not include the divergence of the absolute 
direcƟonal response error as the solar zenith angle tends to 90°, while this divergence can be clearly seen here. 

Total daily irradiaƟon uncertainty is 3.23% for the clear-sky day and 10.51% for the overcast day. Total daily irradiaƟon 
uncertainty is 4.47% for dataset 1 and 3.54% for dataset 2 (k=2). 
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The daily PR and temperature-corrected PR including uncertainƟes are calculated for both datasets and presented in figure 
4.7. the yearly results are listed in table 4-2. 

 

 
4.7a: Dataset 1. 

 
4.7b: Dataset 2. 

Figure 4.7: Daily PR and temperature-corrected PR values and uncertainƟes at coverage factor k=2 for both datasets. 

For both datasets, the temperature-corrected PR is generally higher than the regular performance raƟo. An interesƟng 
difference between the datasets is that the temperature corrected PR appears to be structurally higher than the regular PR 
for dataset 2, while a clear seasonal dependence can be observed for dataset 1. A possible explanaƟon may follow the same 
logic as the difference in total measured irradiance between the datasets: dataset 1 concerns a system located in a 
conƟnental climate with disƟnct temperature differences between summer and winter, while dataset 2 concerns a system in 
a tropical climate that has high temperatures all-year.  
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Table 4-2: Yearly performance raƟos and expanded uncertainty (k=2) for both datasets. 

 𝑷𝑹 𝑷𝑹𝟐𝟓 

Dataset 1 88.51 ± 3.56 % 94.20 ± 3.91 % 

Dataset 2 88.67 ± 3.29 % 93.30 ± 3.49 % 

 

The calculated uncertainƟes are in line with values reported in literature, which fall between 2-8% at k=2. The contribuƟons 
to the total uncertainty split between individual sources is shown in figure 4.8. The direcƟonal response uncertainty is in all 
cases the most significant source of uncertainty, being responsible for about 45% of the uncertainty in dataset 1 and for 38% 
in dataset 2. The module power raƟng at STC uncertainty, which was defined as normally distributed with σ = 0.8%, is the 
second most significant contributor in both cases, contribuƟng 15% and 18% to total PR uncertainƟes for datasets 1 and 2, 
respecƟvely. 

 
4.8a: dataset 1. 

 
4.8b: Dataset 2. 

Figure 4.8: Uncertainty in the PR and temperature-corrected PR for datasets 1 and 2, split by root source. Sources are stacked corresponding to their 
total contribuƟon weight, with the most significant source at the boƩom. 

 

In total, around 80% of the uncertainty in the performance raƟo esƟmate is due to pyranometer uncertainty sources. Most 
significant among these are the direcƟonal response (40-45%), temperature response (8-10%), calibraƟon (7-10%), zero-
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offset A (7%) and non-stability (5-6%) errors. Uncertainty due to soiling of pyranometer domes was not included in this 
analysis, however. 

These calculaƟons applied the assumpƟon that all uncertainty sources were mutually independent, and fully autocorrelated 
over Ɵme. Complete exclusion of temporal autocorrelaƟon will result in uncertainty esƟmates of aggregates to tend to 0, 
due to the fluctuaƟons averaging out over Ɵme. Indeed, seƫng all autocorrelaƟon to 0 results in a (daily) PR uncertainty of 
about 0.4% at k=2. 

 

In table 4-3 the performance raƟo uncertainƟes obtained using the specificaƟon limits for ISO 9060 class B pyranometers, 
listed in table 3-2, while keeping all other uncertainƟes constant. Comparing to the results in table 4-2 shows the significant 
accuracy hit caused by this change. Employing class B pyranometers leads to about 95% of the total PR uncertainty budget 
being aƩributable to the pyranometer. 

Table 4-3: Expanded uncertainty (k=2) in the (temperature-corrected) performance raƟo for both datasets, with pyranometer uncertainty sources set 
at the ISO 9060 class B specificaƟon limits. 

 𝒖𝑷𝑹 𝒖𝑷𝑹,𝟐𝟓 

Dataset 1 6.71 % 7.35 % 

Dataset 2 6.34 % 6.71 % 

 

Table 4-4 shows the achieved PR uncertainƟes for various specificaƟon limits. The ‘standard’ specificaƟon limit are the limits 
outlined in table 3-1, and the uncertainƟes correspond to those listed in table 4-2. The table further contains results for 
standard specificaƟons with the direcƟonal response limit set to 5 𝑊 ⋅ 𝑚ିଶ, results when using the specificaƟons for the 
Hukx SR300-D1 pyranometer and the results for the SR300-D1 with the direcƟonal response limit set to 5 𝑊 ⋅ 𝑚ିଶ. 

Table 4-4: Expanded uncertainty (k=2) in the (temperature-corrected) performance raƟo for both datasets, using different sets of specificaƟon limits. 
SpecificaƟon ‘standard’ corresponds to the specificaƟons of table 3-1. 

 Standard (values of 
table 4-2). 

Standard with halved 
direcƟonal response 

SR300-D1 SD300-D1 with halved 
direcƟonal response 

 𝒖𝑷𝑹 𝒖𝑷𝑹,𝟐𝟓 𝒖𝑷𝑹 𝒖𝑷𝑹,𝟐𝟓 𝒖𝑷𝑹 𝒖𝑷𝑹,𝟐𝟓 𝒖𝑷𝑹 𝒖𝑷𝑹,𝟐𝟓 

Dataset 1 3.56 % 3.91 % 2.88 % 3.15 % 3.06 % 3.39 % 2.24 % 2.48 % 
Dataset 2 3.29 % 3.49 % 2.80 % 2.97 % 2.77 % 2.95 % 2.16 % 2.31 % 

 
We can see that, in accordance with the sensiƟvity analysis shown in figure 4.9, the total PR uncertainty decreases in absolute 
terms by 0.4 to 0.6% by halving the direcƟonal response limit of the ISO 9060 class A specificaƟons. The SR300-D1 is seen to 
outperform the ISO 9060 class A specificaƟons by 0.5-0.6% as well. The improvement in uncertainty due to a reducƟon in 
the direcƟonal response error is even more significant for the SR300-D1 pyranometer.  

 

As discussed in the methodology and derived in appendix A.4, the sensiƟvity of the PR uncertainty to the individual 
uncertainty sources scales linearly with the relaƟve size of the uncertainty sources when under the assumpƟon that the 
sources are mutually independent. The explicit relaƟon is given in equaƟon (A.33). The results of the sensiƟvity analysis of 
the uncertainty in 𝑃𝑅ଶହ with respect to the uncertainty specificaƟon limit σ௜ of the 5 most significantly contribuƟng sources 
are shown in figure 4.9. 
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4.9.a1: Standard specificaƟons, dataset 1. 

 
4.9.a2: Standard specificaƟons, dataset 2. 

 
4.9.b1: SR300-D1, dataset 1. 

 
4.9.b2: SR300-D1, dataset 2. 

Figure 4.9: SensiƟvity of the PR uncertainty to the uncertainty bound 𝜎 of the most significantly contribuƟng uncertainƟes, for the ISO 9060 class A 
specificaƟons (a) and the SR300-D1 (b). 𝑢௉ோ,଴ and 𝜎௜,଴ denote the base values. 

The figure further demonstrates that the direcƟonal response error is the most significant error source to improve upon in 
pyranometers. Figures b1 and b2 also show that further avenues for improvement in the SR300-D1 are difficult to idenƟfy in 
the present framework, since the contribuƟons of the other uncertainƟes are relaƟvely idenƟcal. By including more realisƟc 
values for autocorrelaƟon and cross-correlaƟon it may become possible to differenƟate between these sources and idenƟfy 
further opƟmal improvement avenues. 

4.3 The Impact of PR Uncertainty in Acceptance TesƟng 

The net present value of the foregone yield due to underperformance was determined in secƟon 3.3 to be characterized by 
a parameter ξ that is equal to the amount of liquidated damages per percentage underperformance. An expression for ξ was 
derived for the case of post-construcƟon acceptance tesƟng that is dependent on the plant power raƟng, degradaƟon rate 
and the average yearly irradiance (in terms of kWh), given by equaƟon 3.11. The value of ξ has been calculated for low, 
medium and high average irradiaƟon values using the values listed in table 3-4. From the given capex per WaƩ installed 
capacity and the total plant power raƟng, the EPC contract value of the considered power plant is $161 million. The 
calculaƟon results are presented in table 4-5.  

Table 4-5: Liquidated damages owed by the EPC contractor per percentage performance deficiency for different average yearly irradiaƟon scenarios. 𝜉 
is expressed in absolute terms and as percentage of total contract value. 

 Low irradiaƟon Medium irradiaƟon High irradiaƟon 
ξ $601.820 $902.230 $1.203.640 

ξ as percentage of the 
total contract value 

0.374 % 0.561 % 0.748 % 

The variable ξ sets the scale of the liquidated damages, while the payable amount is determined by the difference between 
the guaranteed performance and the measured performance. In the above example, we can observe that the damages owed 
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by the EPC contractor to the asset owner will never reach 100% of the contract value, even if the measured PR is 0% and the 
required PR is 100%. This is because the net present value of the lifeƟme energy yield is in all considered cases lower than 
the construcƟon capex; the break-even point for this example lies at approximately 8.02 kWh/m2/day solar irradiaƟon or a 
38 $/MWh levelized PPA price. This is reflected in the fact that the levelized cost of energy presented in the report by Seel et 
al. (2025) is higher than the levelized PPA price. 

The interest of this work is mainly in the second component determining the liquidated damages, the part that is dependent 
on the measured performance raƟo and the specific acceptance tesƟng clause. In secƟon 3.3, the integral equaƟon for the 
expected damages to which EPC and O&M contractors are liable was derived, which was found to be completely determined 
by the specific acceptance clause, 𝑢௉ோ and the difference between 𝑃𝑅் and 𝑃𝑅ீ; with EPC and O&M only differing in the 
definiƟon of ξ.  

Specifically, we differenƟated acceptance clauses between two cases: 

 Case 1:   𝑃𝑅ோ = 𝑃𝑅ீ  −  δ,  with δ ∈ {0%, 3%, 5%}, 
 Case 2:   𝑃𝑅ோ = 𝑃𝑅ீ + 𝑘 ⋅ 𝑢௉ோ, with 𝑘 =  ±1, 1.28, 1.96.  

The probability that a power plant does not pass the acceptance criterion, given the unknowable true PR and the 
measurement uncertainty, is given in equaƟon (3.17) and the expected financial losses incurred by the contractor are given 
by equaƟon (3.19). These equaƟons have been evaluated for a domain of measurement uncertainƟes and possible values 
for 𝑃𝑅். The results are presented for each case in figures 4.10 to 4.12. UncertainƟes are presented at k=2.  

4.10.a1:  𝛿 = 0 4.10.a2:  𝛿 = 3% 4.10.a3:  𝛿 = 5% 

4.10a: Expected loss in units of 𝜉 for acceptance tesƟng of type 1. 
White lines trace the contours of magnitude 1, 2, 3, 4 and 5. 

4.10.b1:  𝛿 = 0 4.10.b2:  𝛿 = 3% 4.10.b3:  𝛿 = 5% 

4.10b: Probability of to meet the required PR in acceptance tesƟng of type 1.  
White lines trace the 0.2, 0.4, 0.6 and 0.8 probability contours. 
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Figure 4.10: Expected payable damages (a) and probability to of failure to meet the required PR (b) for acceptance tesƟng clause of type 1 for three 
different guard band parameters 𝛿. The guard band causes a translaƟon of the characterisƟc to the leŌ, shiŌing the risk to the asset owner.  

4.11.a1:  𝑘 = 1 4.11.a2:  𝑘 = 1.28 4.11.a3:  𝑘 = 1.96 

4.11.a: Expected loss in units of 𝜉 for acceptance tesƟng of type 2 with posiƟve 𝑘. 
White lines trace the contours of magnitude 2, 4, 6, 8, 10 and 12, which are much higher than those of figures 4.10a and 4.12a. 

4.11.b1:  𝑘 = 1 4.11.b2:  𝑘 = 1.28 4.11.b3:  𝑘 = 1.96 

4.11b: Probability of to meet the required PR in acceptance tesƟng of type 2 with posiƟve 𝑘. 
White lines trace the 0.2, 0.4, 0.6 and 0.8 probability contours. 

Figure 4.11: Expected payable damages (a) and probability to of failure to meet the required PR (b) for acceptance tesƟng clause of type 2 for three 
different values of posiƟve 𝑘, fixing 𝑃𝑅ோ at the P84, P90 and P97.5 exceedance levels for 𝑃𝑅ீ. With increasing 𝑘, risk is shiŌed to the EPC or O&M 

contractor (since the exceedance level is increased). Observe the higher expected damages compared to the other figures. 

4.12.a1:  𝑘 = −1 4.12.a2:  𝑘 = −1.28 4.12.a3:  𝑘 = −1.96 

4.12a: Expected loss in units of 𝜉 for acceptance tesƟng of type 2 with negaƟve 𝑘. 
White lines trace the contours of magnitude 1, 2, 3, 4 and 5. 



61 
 

4.12.b1:  𝑘 = −1 4.12.b2:  𝑘 = −1.28 4.12.b3:  𝑘 = −1.96 

4.12b: Probability of to meet the required PR in acceptance tesƟng of type 2 with negaƟve 𝑘. 
White lines trace the 0.2, 0.4, 0.6 and 0.8 probability contours. 

Figure 4.12: Expected payable damages (a) and probability to of failure to meet the required PR (b) for acceptance tesƟng clause of type 2 for three 
different values of negaƟve 𝑘, fixing 𝑃𝑅ோ at the P16, P10 and P2.5 exceedance levels for 𝑃𝑅ீ. With decreasing 𝑘, risk is shiŌed to the asset owner 

(since the exceedance level is decreased). 

Recall that literary sources list PR uncertainty between 2-8% (k=2) and the calculaƟons performed in this work yielded 
expanded uncertainƟes between 3.3-3.9% when using standard ISO 9060 class A specificaƟons, and 2.8-3.4% when using 
SR300-D1 specificaƟons, as listed in table 3-1. 

From a staƟsƟcal point of view, the expected payable damages ideally follow perfect verƟcal contours, in which case the 
expected liquidated damages correspond exactly to the true loss due to underperformance. In other words, verƟcal contours 
of expected damages correspond to a situaƟon where there is no staƟsƟcal bias in favor to either the asset owner or the 
contractor. Similarly, the probability that the EPC or O&M contractor owes damages should be 1 if 𝑃𝑅்  < 𝑃𝑅ீ  and 0 if 
𝑃𝑅் > 𝑃𝑅ீ. Since measurement uncertainty causes a broadening of the distribuƟon this is mathemaƟcally impossible by 
definiƟon.  

As is to be expected, acceptance criteria of type 2, where acceptance is coupled to a specific exceedance probability, shiŌs 
the risk significantly to one party. The expected liquidated damages are especially skewed for posiƟve 𝑘, with the contractor 
being liable for approximately 2ξ over the fair amount in the uncertainty range of 3-5%. AddiƟonally, failure to meet the 
acceptance criterion is significantly nonzero even in cases where the 𝑃𝑅் significantly exceeds the guarantee, due to 𝑃𝑅ோ 
shiŌing upward with the uncertainty magnitude. We can see from figure 4.11b that the probability of making a type-2 error 
(false rejecƟon) increases with the uncertainty. 

The reciprocal situaƟon is shown in figure 4.12. While the rejecƟon probability is perfectly inverted (leading to an increased 
chance of type-1 errors), we see that the characterisƟcs of the expected payment are far more verƟcal in this case. The 
difference between the two situaƟons is that posiƟve 𝑘 results in expected payments in the regime where no payments 
should be due at all, while negaƟve 𝑘 leads to lower, but nonzero, expected payments in a regime where payments are due. 
Thus, the overall payment error is lower in this case. 

Meanwhile, acceptance criteria of type 1 are far more symmetric in the failure probability distribuƟon. An increase of δ 
simply consƟtutes a translaƟon of the enƟre characterisƟc to the leŌ (i.e. shiŌs the risk to the asset owner). We can observe 
that the case with δ=0 is overall the most fair type 1 acceptance criterion in the specified parameter range. 

 

While acceptance type 1 with δ=0 results in a perfectly balanced probability of false acceptance and false rejecƟon (see 
figure 4.10.b1), the expected damages are not necessarily fair, since the risk due to higher measurement uncertainty is 
exclusively at the cost of the EPC or O&M contractor. As a measure to invesƟgate fairness, figure 4.13 presents the error 
between the expected liquidated damages and the true damages for four different cases. It can be readily observed that 
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acceptance tesƟng of type 1 (with δ = 0) leads to the least overall payment error, but the expected error is enƟrely at the 
cost of the contractor. Inclusion of non-zero guard bands consƟtutes a transfer of the risk to the asset owner and a sharp 
increase in the error. While simple acceptance test of type 1 with δ = 0%  appears the fairest in this case, it should be 
acknowledged that the specific contractual agreement is a topic of extensive negoƟaƟon in which either party wants to shiŌ 
the risk to the other. The mathemaƟcally ‘fairest’ agreement is therefore not necessarily the most common outcome. 

 
4.13a: Acceptance type 1, 𝛿 = 0%. 

 
 4.13b: Acceptance type 1, 𝛿 = 3%. 

 
4.13c: Acceptance type 2, 𝑘 = 1. 

 
 4.13d: Acceptance type 2, 𝑘 = −1. 

Figure 4.13: Error between expected damages and true damages for various acceptance criteria. Red indicates the expected damages are too high, 
blue indicates they are too low. White (dashed) lines trace the contours of posiƟve (negaƟve) integer-valued error. 

From the results in figures 4.10 to 4.13 we can observe that the implicaƟons of measurement uncertainty differ between 
acceptance tesƟng types. In all cases, the asset owner staƟsƟcally benefits from measurements with lower accuracy due to 
the nonlinearity of the payment funcƟon. This is clearly seen in figure 4.13a: the EPC or O&M contractor staƟsƟcally 
overcompensates the asset owner, with the overcompensaƟon increasing with the uncertainty. While omnipresent, the 
effect is superposed with the more substanƟal effects of guard banding or exceedance probability acceptance tesƟng. 

Inclusion of a guard band significantly shiŌs the financial risk to the asset owner, as seen in figure 4.13b. However, the risk-
shiŌ at the benefit of the asset owner remains clearly visible as the uncertainty increases. 

In tests of type 2 with posiƟve 𝑘, the staƟsƟcal advantage of the asset owner is amplified by the fact that higher uncertainty 
increases 𝑃𝑅ோ . Because of these stacking effects, type 2 tests with posiƟve 𝑘  are staƟsƟcally the most unfair type of 
acceptance test, with significant dependence on the measurement uncertainty at the advantage of the asset owner.  

Conversely, higher uncertainty decreases 𝑃𝑅ோ for negaƟve 𝑘, which counteracts the asset owner’s inherent advantage. We 
can see in figure 4.13d that the expected payable damages are in the favor of the EPC or O&M contractor in this case. This is 
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the only case where higher uncertainty is advantageous for the EPC and O&M contractors, and even then exclusively in the 
regime where the degree of underperformance is greater than the measurement uncertainty. As the uncertainty increases, 
𝑃𝑅்  and 𝑃𝑅ீ  become approximately equal on the scale of the uncertainty and the probability distribuƟon P(𝑃𝑅ெ − 𝑃𝑅ோ) 
converges, leading to staƟsƟcal independence of the expected damages to the measurement uncertainty. Thus, the benefit 
for the EPC and O&M contractors is less than the benefit of the asset owners in the case of posiƟve 𝑘. 

 

From the interviews it was gathered that acceptance tests of type 1, potenƟally with guard bands, are most commonly 
encountered in industry. While measurement uncertainty works in favor of the asset owner, guard banding pracƟces shiŌ 
the balance more significantly to the favor of the EPC contractor. Thus, uncertainty reducƟons staƟsƟcally benefit EPC and 
O&M contractors, but a potenƟal commensurate reducƟon of the guard band will be in the interest of the asset owner.  

While the effect of uncertainty reducƟons on the pracƟce of guard banding is difficult to predict, we can quanƟfy the effect 
of lower measurement uncertainty in the exisƟng financial risk of EPC and O&M contractors. In figure 4.14, the effect of 
lower measurement uncertainty to the financial risk assumed by the EPC and O&M is shown for different uncertainty 
reducƟons in type 1 guarantees with δ = 0%. The figure shows the horizontal cross-secƟons of figure 4.10.a1 at the PR 
uncertainty levels in table 4-4. The figures are comparisons between different uncertainty specificaƟons for pyranometers: 

a) Standard uncertainƟes (table 3-1, ISO 9060 class A pyranometers) compared to standard specificaƟons with halved 
direcƟonal response uncertainty. 

b) Standard uncertainƟes compared to the Hukx SR300-D1 pyranometer specificaƟons. 
c) Standard uncertainƟes compared to the SR300-D1 with halved direcƟonal response uncertainty. 
d) The SR300-D1 specificaƟons compared to the SR300-D1 with halved direcƟonal response uncertainty. 

 

The data shows that the measurement uncertainty influences the expected payable damages only when 𝑃𝑅் is close to 𝑃𝑅ோ. 
In the situaƟon where 𝑃𝑅் is much higher or lower than the requirement the expected damages are not sensiƟve to the 
measurement uncertainty and follow the ideal (flat and diagonal, respecƟvely) characterisƟcs. This is mathemaƟcally 
explained by the probability distribuƟon being almost completely inside the acceptance or rejecƟon domains for 𝑃𝑅ெ at the 
given uncertainty level. Note that the width of the regime where the expected damages deviate from the ideal broadens as 
the uncertainty increases, as clearly shown in figure 4.10.a1 

The insets in the figures provide more detailed depicƟons of the regime where measurement uncertainty has the greatest 
influence. We can nicely see the impact of a direcƟonal response error reducƟon in figure 4.14a, with the expected damages 
decreasing by about 10 to 20%, or by about 0.15ξ in absolute terms. The SR300-D1 provides a similar (12%) improvement 
over the standard ISO 9060 class A specificaƟons.  The SR300-D1 with a halved direcƟonal response error achieves a reducƟon 
of 30-35% in the expected payable damages. 
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4.14a: Comparison of standard specificaƟons to those with halved 

direcƟonal response specificaƟon. 

 
 4.14b: Comparison of standard specificaƟons to the specificaƟons 

of the SR300-D1. 

 
 4.14c: Comparison of standard specificaƟons to the specificaƟons 

of the SR300-D1 with halved direcƟonal response. 

 
 4.14d: Comparison of SR300-D1 to the SR300-D1 with halved 

direcƟonal response. 

Figure 4.14: Expected liquidated damages against the true plant performance relaƟve to the guaranteed value, for different values of 𝑢௉ோ  (k=2) given 
by table 4-4. Figures concern performance acceptance tesƟng of type 1 with 𝛿 = 0%. The red lines concern results for dataset 1 (DS1), the blue lines 

results for dataset 2 (DS2). 

Clearly, the most effecƟve way to reduce the expected payable amount of liquidated damages is by ensuring the 𝑃𝑅் is 
significantly greater than the required value, by a margin of 𝑢௉ோ. However, it is important to keep in mind that 𝑃𝑅் is an 
instantaneous performance raƟo that would be obtained using perfect measurement instruments, and that there are 
numerous factors such as degradaƟon, soiling or parƟal shading of the power plant that affect its value. Furthermore, there 
are physical limitaƟons to the performance that can be achieved through beƩer construcƟon or maintenance work. Hence, 
a buffer may be difficult to achieve, or at least ensure, in pracƟce. It may therefore be worthwhile to invest in higher accuracy 
measurement equipment to reduce the potenƟal liquidated damages. Recall that ξ was calculated to exceed $1.2 million for 
a uƟlity-scale plant in a locaƟon with high average irradiaƟon, meaning a reducƟon of 0.15 ξ equals a reducƟon of expected 
damages of $180.000. 

Furthermore, we have been discussing the expected amount of payable damages, which concerns a staƟsƟcal expectaƟon 
value. In financial risk assessment, another metric of interest is the value-at-risk defined in equaƟon (3.20) which provides 
insight in the distribuƟon’s tail-end of worst-case outcomes. The value-at-risk is the upper bound of the loss incurred in the 
worst α − % of cases. In figure 4.15, the heatmap and cross-secƟons of the 5% value-at-risk in acceptance tesƟng of type 1 
with δ = 0% are shown.  
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4.15a: Heatmap of the EPC or O&M contractor value-at-risk at the 5% level.  

Linear behavior of the characterisƟc can be readily observed. 

  

  
4.15b: Cross secƟons of the value-at-risk graph for various uncertainty improvements.  

Figure 4.15: EPC or O&M contractor value-at-risk at the 5% level for acceptance tesƟng of type 1 with 𝛿 = 0%. 

While the expected liquidated damages are only dependent on the uncertainty in a band around the performance 
requirement and staƟsƟcally regress towards the mean at very high and low construcƟon quality, we see that the value-at-
risk does not exhibit such behavior due to it being Ɵed to the measurement uncertainty by definiƟon. From figure 4.15b, we 
see that halving the direcƟonal response specificaƟon can reduce the value-at-risk for the contractor by 0.3ξ to 0.75ξ. Hence, 
even in situaƟons of significant underperformance, the financial risk is reduced by more precise measurement. 
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5. Discussion 

5.1 Results and Methodology 

The literature study performed during this research revealed that published studies invesƟgaƟng uncertainty in PV plant 
performance metrics include pyranometer uncertainty as a flat percentage, while this uncertainty is in reality composed of 
mulƟple individual uncertainty sources with their own characterisƟcs. This work adds to the exisƟng literature by performing 
uncertainty calculaƟons of the performance while keeping these contribuƟons explicit, with the purpose of idenƟfying the 
most impacƞul avenues for pyranometer improvement. These results were furthermore placed in the context of the pracƟcal 
applicaƟons of PV plant performance metrics. 

PV system performance metrics are used for mulƟple purposes during a PV power plant’s operaƟonal lifeƟme, for instance 
as a generic performance indicator or tool to determine asset value. A notable applicaƟon of performance metrics is as an 
assessment method to determine quality of construcƟon and maintenance work performed by external EPC and O&M 
contractors. Contractual agreements for EPC and O&M services contain clauses specifying a guaranteed value of a 
performance metric that must be achieved during a test conducted at an agreed-upon moment. In case the guaranteed level 
is not reached, the contractor is required to pay liquidated damages to the asset owner as reimbursement. These damages 
were calculated to be proporƟonal to the measured underperformance. This procedure was confirmed as common pracƟce 
by industry professionals. 

Thus, a direct connecƟon was established between measurement uncertainty in performance metrics and the financial 
interests in contractual performance guarantees, through which pyranometer accuracy improvements could be 
contextualized. 

 

The literature study found that there exist two authoritaƟve standards outlining performance monitoring and assessment 
methods for solar PV power plants, the IEC 61724 and the ASTM E2848 standards. These standards define mulƟple different 
performance metrics, but this work restricts itself to the performance raƟo, or PR, defined in the IEC 61724 standard. The PR 
was found to be commonly applied in the European PV industry and has the notable feature that it only depends on measured 
data and not on computaƟonal models, which makes it highly suited for uncertainty propagaƟon calculaƟons. Previous works 
calculaƟng uncertainty in performance raƟo achieved expanded uncertainƟes between 2-8%. 

The uncertainty in the regular and temperature-corrected performance raƟo was calculated for two datasets, obtaining 
expanded uncertainƟes of 2.8% to 3.9%, in line with published esƟmates. These esƟmates were obtained by propagaƟng 
uncertainƟes according to the GUM methodology. Pyranometer uncertainƟes were taken as the ISO 9060 class A 
specificaƟon limits and as the specificaƟon limits of a state-of-the-art industrial class A pyranometer (the Hukx SR300-D1). 
UncertainƟes in the other variables were taken as standardized uncertainty limits where specified by the IEC 61724 standard, 
and taken from literature otherwise.  

The SR300-D1 was found to significantly outperform the standard class A specificaƟons, providing a reducƟon of  0.6%  in 
the PR uncertainty, a relaƟve accuracy increase of over 15%. This demonstrates that a range in quality can exist within current 
standardized classes, since the SR300-D1 is officially categorized as a class A pyranometer. Thus, if accuracy is of concern in 
a certain pyranometer applicaƟon, it is insufficient to rely exclusively on an ISO 9060 categorizaƟon given the improvement 
that state-of-the-art instruments can provide over instruments following class requirements. 

 

This work assumed all uncertainty sources to be independent and fully autocorrelated over Ɵme. The independency 
assumpƟon allowed for an analyƟcal decomposiƟon of the total uncertainty to the contribuƟons of individual uncertainty 
sources. Furthermore, it provided a simple expression for the sensiƟvity of the total uncertainty to the uncertainty of each 
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consƟtuent source. CalculaƟons showed that 75-85% of the total uncertainty in the PR was aƩributable to the pyranometer 
measurement and calibraƟon uncertainty, with the PV module calibraƟon being the second most significant source. Power 
metering uncertainty and temperature sensor uncertainty were found to have a marginal effect on the total uncertainty. 

The direcƟonal response error was found to be the most significant contributor in all cases, being responsible for 35-60% of 
the total uncertainty budget. The uncertainty due to the module calibraƟon contributed 15-30%. The class A specificaƟons 
also resulted in significant contribuƟons of the temperature response (8-10%), pyranometer calibraƟon (7-10%) and zero 
offset A (6%).  

The SR300-D1 significantly outperforms the ISO 9060 class A specificaƟons for these laƩer three sources, reducing their 
contribuƟons to comparable significance as other pyranometer uncertainƟes, leaving the direcƟonal response error as the 
single most important source of uncertainty in the SR300-D1. Efforts for pyranometer improvement should therefore be 
focused on reducing the direcƟonal response error. 

Important to note is that the direcƟonal response uncertainty is specified with respect to the incoming direct irradiance. The 
data used for the calculaƟons lacked direct irradiance measurements and thus the bound was calculated using the global 
irradiance, leading to an overesƟmaƟon of the direcƟonal response error by 15% or higher, depending on cloud condiƟons. 
Therefore, an effecƟve method to reduce measurement uncertainty using currently available technology is to combine the 
pyranometer measurements with pyrheliometer or diffusometer data to obtain a correct error bound for the direcƟonal 
response. Note that this only provides an ex-post reducƟon of the measurement uncertainty bound (i.e. an increase of the 
P90 irradiance) and does not affect the measured irradiance value (the P50 irradiance).  

The assumpƟon of independent uncertainty sources consƟtutes a potenƟal underesƟmaƟon of the total uncertainty due to 
neglecƟon of cross-covariance contribuƟons. Conversely, assuming complete autocorrelaƟon results in an overesƟmaƟon of 
the uncertainty due to noisy sources by treaƟng them as an offset. Without proper characterizaƟon of these covariances, no 
indicaƟon can be given on the magnitude of these errors. It might be argued that an over-esƟmaƟon of the uncertainty would 
generally be preferrable, which would be reflected through full cross-correlaƟon between sources inside the same physical 
component. Such a treatment would combine all pyranometer uncertainty sources into a single offset, which has already 
been the approach of previous studies. The present methodology helped idenƟfy the direcƟonal response as a significant 
error source. A covariance characterizaƟon would be required to idenƟfy further opƟmal improvement avenues, since the 
contribuƟons and sensiƟviƟes of remaining pyranometer uncertainty sources are roughly idenƟcal for the SR300-D1 under 
the current assumpƟons.  

 

The impact of uncertainty in PR was studied in the context of performance guarantee conformity assessment in EPC and 
O&M contracts. Two types of performance guarantee clauses were idenƟfied from literature. Type 1 clauses simply require 
the measured PR to be higher than the guaranteed PR, or the guaranteed PR minus a guard band (typically 3-5%). Type 2 
clauses require the measured PR to exceed the guaranteed PR at a certain exceedance probability level. Clauses of type 1 
were the more commonly encountered type in literature, and interviewed professionals from industry confirmed that type 
1 clauses are common pracƟce. The interviewees also stated that the guaranteed PR is typically defined as the PR calculated 
by a computaƟonal model of the power plant. 

The influence of uncertainty to performance guarantee conformity assessment was quanƟfied by calculaƟng the acceptance 
probability and the expectaƟon value of the liquidated damages for a range of situaƟons. The calculaƟons rely upon a ‘true 
PR’ (the PR that would be measured by perfect measurement instruments) that is measured with a normally distributed 
measurement uncertainty. 

As a consequence of the nonlinearity of the liquidated damages (equaƟon 3.12), measurement uncertainty was seen to 
staƟsƟcally increase the expected payable damages in almost all cases, increasing the financial risk for the EPC and O&M 
contractors. The effect was seen to be small in comparison to the risk-shiŌs arising from guard bands and exceedance-
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probability-based acceptance tests. Hence, it is overshadowed in type 2 acceptance tests with 𝑘 < 0 , leading to higher 
measurement uncertainty becoming beneficial to EPC and O&M contractors. 

An assessment of the difference between the expected liquidated damages and the fair liquidated damages (i.e. the expected 
error in owed damages) showed that implemenƟng guard bands or coupling acceptance to exceedance probability levels 
resulted in significant errors, i.e. unfair risk-shiŌs to one involved party. The lowest overall error was, perhaps unsurprisingly, 
achieved when the requirement is a simple exceedance of the guaranteed PR by the measured PR. However, the expected 
error was found to be fully at the expense of the EPC or O&M contractor in this case. Guard bands were seen to significantly 
shiŌ financial risk over to the asset owner. Overall, lower uncertainty combined with smaller guard bands leads to staƟsƟcal 
fairness of acceptance tests. 

For type 1 tests, it was observed that the influence of measurement uncertainty to the expected liquidated damages is only 
significant in cases where the true PR is close to the contractual requirement. The width of this domain is characterized by 
the magnitude of the uncertainty itself. However, an isolated performance assessment is sƟll affected by measurement 
uncertainty, which may cause the damages to be far higher or lower than the true value; the error only averages out 
staƟsƟcally. This was reflected by the linear relaƟon between the uncertainty and the value-at-risk. By halving the direcƟonal 
response error, the 5% value-at-risk could be reduced by up to 0.75𝜉. In a post-construcƟon acceptance test of a theoreƟcal 
100MW power plant this was shown to correspond to $900.000. 

In the aforemenƟoned regime where the true PR is close to the requirement, pyranometer uncertainty has a significant 
impact on the expected liquidated damages. In this regime, the difference between standard ISO 9060 class A specificaƟons 
and the SR300-D1 yields a decrease in the expected damages by 13%. If the direcƟonal response error of the SR300-D1 were 
to be halved, this reducƟon would approach 35%, or 0.3ξ. For the 100MW power plant, the nominal value of this reducƟon 
would be in the order of $360.000. 

CalculaƟons showed that the most effecƟve way for an EPC or O&M contractor to reduce financial risk (aside from negoƟaƟng 
large guard-bands before signing a contract) is by ensuring the true PR is significantly higher than the requirement. However, 
this true PR remains an instantaneous quanƟty that is dependent on unpredictable factors such as the weather, degradaƟon 
rates and soiling. Increasing performance through superior construcƟon or maintenance quality eventually reaches physical 
limitaƟons and hence may not be a feasible approach. It was shown that high-accuracy pyranometers such as the SR300-D1 
can provide a substanƟal reducƟon to the financial risk in acceptance tesƟng in terms of the expected liquidated damages 
and the value-at-risk, even compared to the present class A standard. The risk can be reduced even further by improving the 
direcƟonal response of pyranometers. 

 

Example calculaƟons in which the acceptance criterion is opƟmized to reduce total error are provided in appendix B. There 
are two reasons why these calculaƟons are not included in the main results secƟon. First of all, no deliberate methodology 
was designed or followed in these calculaƟons, while the opƟmized performance metric are highly sensiƟve to the chosen 
domain over which the error is opƟmized. Confident recommendaƟons on opƟmal metrics would require more 
substanƟaƟve jusƟficaƟon of the assumpƟons. Secondly, and more significantly, the interviews and sector analysis cast 
doubts on whether industry is prepared to change common legal pracƟces to base performance guarantees and liquidated 
damages on untransparent mathemaƟcally opƟmized criteria. Especially criteria that are dependent on ex-post uncertainty 
esƟmates may become points of contenƟon between the involved parƟes. 

Even if a criterion could be constructed that minimized overall error in liquidated damages or equally distributed financial 
risk between both involved parƟes at a high confidence, it may not be adopted by industry. EPC and O&M contractual 
specificaƟons are the result of historical experience and negoƟaƟons between involved parƟes. StaƟsƟcal opƟmality of risk 
allocaƟon may be far outweighed by asymmetrical power dynamics between the negoƟaƟng parƟes. The opƟmizaƟon of the 
performance metric should therefore be regarded as a proof-of-concept with limited pracƟcal applicability.  
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The calculaƟons of the staƟsƟcal error in the acceptance tesƟng clauses found in literature are aimed to provide insight in 
the fairness of different possible pracƟces. The results are meant to inform stakeholders involved in negoƟaƟons of 
acceptance tesƟng clauses about the implicaƟons of including guard bands or exceedance probability levels in contractual 
specificaƟons.  

 

5.2 AssumpƟons, LimitaƟons and RecommendaƟons 

A number of assumpƟons and limitaƟons of scope were made in this research, the most prominent of which is the restricƟon 
to the use of pyranometer measurements in performance raƟo calculaƟons despite the many other use-cases and 
performance metrics. In this secƟon, the moƟvaƟon for this and other limitaƟons and assumpƟons will be outlined, and 
recommendaƟons for future research are presented. 

 

In literature, energy yield forecasƟng in the long- and short-term is described as another important use of solar irradiance 
measurements in uƟlity-scale PV upon which significant financial interests are dependent. Pre-construcƟon yield 
assessments determine the projected cash flow available for debt-service, which in turn determines the amount of debt the 
project can take on. Short-term forecasts (intra-day and day-ahead) help the plant operator schedule power output and 
potenƟally opƟmize energy trading strategy. This work does not consider this use-case of pyranometer data, because the 
relaƟon between ground-measurements and the model output is opaque and method-dependent. Furthermore, modern 
(short-term) forecasƟng methods are reliant upon machine-learning methods that are ill-suited for GUM uncertainty 
propagaƟon due to their highly nonlinear nature. Furthermore, the range of methodologies is larger and less standardized, 
with some methods exclusively relying upon satellite data. Therefore, it was chosen to limit this study to PV performance 
metrics. The publicaƟon by Reise et al. (2018) is recommended as a starƟng point for future work invesƟgaƟng uncertainty 
in this field. 

 

MulƟple PV system performance metrics were found to exist in literature, with some having been codified in official standards. 
The IEC 61724 standard defines the performance raƟo and energy performance index, while the ASTM E2848 standard 
defines an assessment method involving linear extrapolaƟon to reference condiƟons.  This work exclusively considered the 
performance raƟo, due to the other two performance metrics being defined with respect to the results of a computaƟonal 
model of the power plant. Assessing the uncertainty in these performance metrics at the same degree of rigor as done with 
the PR would require uncertainty propagaƟon through such a computaƟonal model, potenƟally through Monte Carlo 
methods if not possible analyƟcally. It would moreover introduce a new degree of freedom in the choice of computaƟonal 
model. To maintain a focused scope, it was decided to restrict the analysis of this work to the performance raƟo.  

From the interviews it was gathered that the ASTM E2848 standard is the preferred PV performance metric in the US uƟlity-
PV sector, while the PR is preferred in the rest of the world. For the US-market, a separate calculaƟon quanƟfying the 
achievable uncertainty improvements for the ASTM method may be merited. However, the ASTM E2848 method employs a 
linear extrapolaƟon of the measured data to certain reference condiƟons, which is a quesƟonable assumpƟon. The epistemic 
uncertainty of this extrapolaƟon may outweigh the measurement uncertainty. Thus, it is recommended that a potenƟal 
extension of this work to the ASTM method starts by invesƟgaƟng the validity of this extrapolaƟon. 

Further research into uncertainty of computaƟonal PV models is recommended. A good starƟng point for such a study would 
be the work by Deville et al. (2026), which features uncertainty and bias comparisons for common soŌware packages. 
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The analysis of the uƟlity-scale solar PV sector consisted of a literature review and a small qualitaƟve component that was 
restricted to 12 informal conversaƟons and 6 formal interviews with industry experts. While the interviews helped 
corroborate and add to the findings of the literature study, the generalizability of the interview findings is highly limited due 
to the small sample size in comparison to the size of the solar PV industry. As such, the sector analysis is mostly based on 
published informaƟon and secondary sources such as best-pracƟce guides. A large-scale review of industry contractual 
pracƟces based on primary sources such as interviews and contracts would benefit this study by substanƟaƟng or further 
informing the acceptance tesƟng models described in this work. 

Furthermore, this work was iniƟally focused on post construcƟon acceptance tesƟng in ECP contracts due to the larger 
financial interests dependent on these tests. The interviews therefore primarily discussed performance guarantees in EPC 
contracts and not in O&M contracts. Extension of the sector analysis to include discussions with O&M providers about 
performance guarantee pracƟces in the O&M market would facilitate an accurate esƟmaƟon of the applicability of the results 
to the O&M market. 

Finally, interviews revealed that an analysis of uncertainty in performance metric measurement is usually deferred to an 
independent engineer. Extending the interviews with discussions on the methodology employed in these assessments with 
these engineers would allow for an interesƟng comparison to the methodology and assumpƟons used in this work.  

 

The PR uncertainty calculaƟons relied upon several assumpƟons, such as normality, linear sensiƟvity, no cross-correlaƟon 
and complete autocorrelaƟon. some of which have already been discussed in the previous secƟon. Strong cases can be made 
that these assumpƟons were incorrect for some uncertainƟes. However, given the lack of studies characterizing these 
covariances, a consistent approach was preferred over a source-by-source individual treatment based on assumpƟons by the 
author.  

The present assumpƟons helped idenƟfy the direcƟonal response as the most significant source of uncertainty in present 
state-of-the-art pyranometers. However, the applicability of the sensiƟvity analysis of the total uncertainty with respect to 
other pyranometer sources should be considered minimal, because the magnitudes of these uncertainƟes are very similar. 
Once the direcƟonal response error has been reduced, a characterizaƟon of the covariances would be recommended to 
inform subsequent direcƟons of improvement.  

 

Real measurement data was required to properly combine relaƟvely and absolutely defined uncertainty sources. Data from 
two research-scale PV systems was used for this purpose, which is quite limited. Furthermore, the work aims to advise the 
uƟlity-scale PV industry. Using data from uƟlity-scale plants would therefore be preferable, but this data is oŌen proprietary 
and not publicly shared. The calculaƟons required datasets containing Ɵmestamped power output, solar irradiance and other 
environmental data, as well as metadata like the plant locaƟon, module power raƟng and Ɵlt angles. Moreover, this work 
selected for powerplants with homogeneous module orientaƟon. The findings of this work would be supported by 
performing calculaƟons with more datasets that span a greater amount of Ɵme, to limit the influence of dataset-specific 
anomalies or fluctuaƟons. Comparison of the results of this work to calculaƟons with data of larger-scale plants would also 
be a meaningful extension of this work. A potenƟal starƟng point would be the database of PV plant data used in the report 
by French et al. (2021), that includes datasets for systems with a capacity of up to 500 kWp. 

 

There are numerous factors influencing plant performance and uncertainty that were not included in this work, with two 
prominent examples being degradaƟon and soiling. With regards to factors affecƟng plant power output, this study is rooted 
in the philosophy that physically controllable factors should not be corrected for in the PR as their influence is determined 
through maintenance or construcƟon quality. If the power output is lower due to high degradaƟon or soiling rates, then this 
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should be reflected through a lower PR. While not present in the data used in this study, this philosophy extends to losses 
due to inverter clipping, since installing inverter capacity below the plant power raƟng is a controllable design choice. 

However, exclusion of soiling or degradaƟon losses does not apply to irradiance data, since the PR must be an honest 
comparison between plant output and available solar energy. The philosophy of this work therefore dictates that 
pyranometer non-stability and soiling should be included. CalculaƟons included non-stability, but not soiling. Soiling rates 
are highly dependent on local environmental factors, and studies were found to report a wide range of potenƟal soiling rates. 
It was elected to exclude pyranometer measurement uncertainty due to soiling since this merits its own comprehensive 
study. Applying an esƟmated soiling rate and uncertainty in this study would obfuscate the generalizability of the results. The 
python code in appendix C allows for easy inclusion of a new uncertainty source such as soiling. Future work could expand 
upon this research by using the code to perform a  methodological assessment of the impact of different pyranometer soiling 
rates and cleaning schedules on the total PR uncertainty.  

 

The calculated PR uncertainty and the achievable improvements in accuracy were placed in the context of performance 
guarantee conformity assessment, which was idenƟfied as an important use case of performance metrics such as the PR. 
SƟll, guarantees with respect to PV performance metrics and liquidated damages in case of underperformance are usually 
only of significance in turnkey project structures, where the EPC contractor and final asset owner are two different enƟƟes. 
Conversely, literature described an aversion to performance guarantees by third-party O&M providers, who are usually 
unwilling to assume responsibility for a metric largely defined by construcƟon quality. The added value of the financial risk 
calculaƟons in this work is therefore mostly limited to turnkey projects and O&M agreements in which performance 
guarantees are provided.  

As discussed in secƟons 2.1.2 and 2.4.2, literature indicates that turnkey project structures are common in the uƟlity-scale 
PV industry, indicaƟng the applicability of this work is not restricted to a niche segment of the industry. Although it is similarly 
stated that outsourcing O&M to third-parƟes is also common, literature also notes an increasing reluctance of third-party 
O&M companies to provide performance guarantees. Notably no quanƟficaƟons accompany these claims, further 
underlining the benefits that an expanded sector analysis into the composiƟon of the PV industry would have to this work.  

The financial risk calculaƟons themselves are valid for linear payment structures, but rely upon a certain ‘true PR’ of the 
power plant, which would be the PR measured by perfect measurement instruments. However, this true PR is itself a quanƟty 
dependent on specific environmental condiƟons during the tesƟng period (e.g. parƟal shading of the power plant would 
influence the true PR), making it a somewhat ambiguous quanƟty. It is difficult to make an a priori assessment of financial 
risk based on measurement uncertainty when the measurand itself is uncertain without a clear quanƟficaƟon. This 
unpredictable nature is an inherent limitaƟon of the PR and other metrics, and some level of variability will always persist. 
The fixing of this ‘true PR’ and the consequences on the wider applicability of the risk assessment should therefore be treated 
with some cauƟon.  
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6. Conclusion 
This work idenƟfied a knowledge gap in the composiƟon of uncertainty in PV performance metrics as a combinaƟon of 
different uncertainty sources, and in the way that uncertainty impacts the applicaƟon of such metrics throughout the uƟlity-
scale solar PV industry. Although significant financial interests can be dependent on performance raƟo measurements, liƩle 
research was found to have been done on how measurement uncertainty translates to financial uncertainty in important 
uses of the performance raƟo, or on how impacƞul improvements of pyranometers can be in this regard. The following 
research quesƟon was posited in order to fill this gap: 

RQ: What is the influence of individual uncertainty sources in state-of-the-art pyranometers to the uncertainty of uƟlity-scale 
solar PV plant performance metrics, specifically the performance raƟo, and what are the most impacƞul avenues for 
pyranometer improvement? 

A mulƟ-methodological approach was used in order to answer this research quesƟon, that consisted of three main 
components: an analysis of the uƟlity-scale PV sector through literature research in combinaƟon with a small set of expert 
interviews, rigorous performance raƟo uncertainty calculaƟons following GUM methodology, and an assessment of the 
financial risk due to measurement uncertainty in an important use-case of performance raƟos: conformity assessment to 
performance guarantees in EPC and O&M contracts. 

Uncertainty calculaƟons were performed using uncertainty bounds taken from the standard specificaƟons for ISO 9060 class 
A pyranometers, and the manufacturer specificaƟons of the Hukx SR300-D1 class A pyranometer. CalculaƟons obtained 
uncertainty in the performance raƟo between 2.8 and 3.9%, which is in line with previously published esƟmates. The SR300-
D1 was found to obtain 0.6% lower PR uncertainty compared to the standard ISO 9060 class A specificaƟons, demonstraƟng 
that the current state-of-the-art significantly outperforms the standardized definiƟon of high accuracy. Pyranometer 
uncertainty was found to be responsible for 75-85% of the total uncertainty in the performance raƟo, with the PV module 
calibraƟon being the second most significant source. The direcƟonal response was found to be the primary source of 
uncertainty in all calculaƟons, contribuƟng to 35-60% the total. The direcƟonal response error should therefore be the 
primary focus of efforts to reduce pyranometer uncertainty. In the ISO 9060 class A specificaƟons, the pyranometer 
temperature response and pyranometer zero-offset A were also found to be significant contributors to total uncertainty. 

Some assumpƟons were made in these calculaƟons, notably independence of uncertainty sources and full autocorrelaƟon 
over Ɵme. To inform further opƟmal improvement avenues for pyranometers, specifically for the SR300, it is recommended 
to perform calculaƟons with covariances that more closely follow physical reality, since no other opƟmal improvement 
avenues for the SR300-D1 were idenƟfiable under the present assumpƟons. 

The sector analysis revealed a variety of use-cases of solar irradiance measurements, that were broadly categorized between 
performance assessment (the focus of this work) and yield forecasƟng. MulƟple widely-used performance metrics are 
available in the IEC 61724 and ASTM E2848 standards, but this study is restricted to the (temperature-corrected) 
performance raƟo defined in the IEC 6172 standard due to its suitability for uncertainty propagaƟon and independence from 
computaƟonal models. Important applicaƟons of these metrics are to inform operaƟonal and maintenance decisions, 
calculate the financial value of the plant, monitor overall plant degradaƟon and assess service quality of construcƟon and 
maintenance work performed by EPC and O&M contractors. Performance guarantees were found to be common in EPC and 
O&M contracts, with liquidated damages in case of underperformance being proporƟonal to the percentage 
underperformance. However, no previous studies invesƟgated how measurement uncertainty affects performance 
guarantee conformity assessment accuracy and its associated financial risk for the parƟes to such tests. 

Two different conformity assessment tests described in literature were analyzed: simple (guard-banded) comparison, and a 
test based on exceedance probability levels. In-depth results can be found in secƟon 4.3. According to literature and 
interviews, simple guard banded comparison is common industry pracƟce.  
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CalculaƟons showed that the staƟsƟcally expected liquidated damages increase with the measurement uncertainty, meaning 
that financial risk for EPC and O&M contractors increases with the uncertainty at the benefit of the asset owner. However, 
though omnipresent, this effect is overshadowed when the test includes guard bands or exceedance probability levels. These 
shiŌ the risk of erroneous acceptance or rejecƟon very significantly to one party. Importantly, guard bands shiŌ financial risk 
to the asset owner, leading to systemaƟc undercompensaƟon to the asset owner for underperforming power plants. At 
higher measurement uncertainƟes, this undercompensaƟon is only parƟally offset by the aforemenƟoned staƟsƟcal 
advantage of the asset owner. A more comprehensive analysis of the risk profiles and their fairness is provided in secƟon 4.3. 
The results of these calculaƟons can be used by asset owners, EPC and O&M contractors to interpret the fairness and risk-
shiŌ in common acceptance tesƟng clauses. 

In industry-standard performance guarantee tests, expected liquidated damages payable by EPC or O&M contractors were 
found to be dependent on uncertainty only when the margins of under- or overperformance are of similar magnitude as the 
measurement uncertainty. In this case, a reducƟon of uncertainty in PR achieved by the SR300-D1 over standard class A 
specificaƟons corresponds to a 13% reducƟon in expected damages. This can be increased to 35% if the direcƟonal response 
error of the SR300-D1 were to be halved compared to present specificaƟons. The value-at-risk was found to be linearly 
proporƟonal to both the measurement uncertainty and the percentage underperformance, and not restricted to the 
aforemenƟoned regime. Higher accuracy was therefore seen to provide a considerable reducƟon of the value-at-risk, with 
relaƟvely greater impact for beƩer-performing plants. The results demonstrate that pyranometer accuracy improvements 
can greatly reduce the financial risk for EPC and O&M contractors in post-construcƟon acceptance tesƟng and maintenance 
quality assessment. Similarly, smaller guard bands can reduce financial risk for asset owners. Therefore, this work advocates 
narrowing guard bands and invesƟng in higher-accuracy measurement equipment, to ensure fairness of performance 
guarantee conformity tests. 

 

The results obtained in this research add to the literature by providing new insights in the composiƟon of the uncertainty in 
the PR and by explicitly calculaƟng the impact of PR uncertainty in acceptance tesƟng, allowing to assess the impact of 
accuracy improvements in this context. The implementaƟon of contractual performance guarantees is not industry-wide, nor 
is the usage of PR as the specific performance metric. However, the subclass of the industry to which the financial calculaƟons 
are applicable remains sizeable. AddiƟonally, the results of the performance metric uncertainty calculaƟons, specifically the 
uncertainty decomposiƟon and the idenƟficaƟon of direcƟonal response as most significant error source, are universally 
applicable.  

In order to guide pyranometer improvements beyond the presently suggested direcƟonal response error reducƟon, a more 
realisƟc treatment of the involved covariances is required. It is advised to base these recommendaƟons on calculaƟons using 
datasets with a greater Ɵmespan and that concern uƟlity-scale power plants, such that their effect is quanƟfied with greater 
realism. The code developed for this research can be used to this end without requiring significant extension, and can be 
found in appendix C. Moreover, inclusion of pyranometer soiling and the associated uncertainty in these calculaƟons is 
recommended, since this is an important factor excluded from this study.  

Finally, an expansion upon the sector analysis and qualitaƟve component of this research would support the development 
of a more comprehensive understanding of both common and niche industry pracƟces. An extensive sector analysis based 
on primary sources would be valuable to the uƟlity-scale PV industry. The methods and findings of this study could then be 
applied to the idenƟfied industry pracƟces in performance assessment and acceptance tesƟng, to inform further 
recommendaƟons to the sector.  
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Appendices 

A: Uncertainty in the GUM Framework 

Due to the dense mathemaƟcal content, these derivaƟons were wriƩen down in latex, inserted below. 
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B: ConstrucƟng a Simple OpƟmal Conformity Test 

Recall figures 4.10-4.12, depicƟng the expected amount of payable damages by EPC & O&M contracƟng for different 
acceptance tesƟng clauses, given by equaƟon (3.18). Below, the results for acceptance tesƟng type 1 with 𝛿 = 0% and of 
type 2 with 𝑘 = −1 are repeated. 

 
Figure C.1a): Expected payable damages by the contractor for 

acceptance type 1 and 𝛿 = 0% . White lines denote isoquants. 

 
Figure C.1b: Expected payable damages by the contractor for 
acceptance type 2 and 𝑘 = −1. White lines denote isoquants. 

 

 
Figure C.1c: Error in the expected payable damages compared to 

the fair amount for C.1a. 

 
Figure C.1d: Error in the expected payable damages compared to 

the fair amount for C.1b. 

 
In an ideal situaƟon, the expected owed damages are an exact reimbursement of the discounted value of the missed energy 
yield. In the above figures, this would be visualized by perfectly verƟcal isoquants and white error-graphs.  

We can aƩempt to create an ‘opƟmal’ acceptance criterion that is a combinaƟon of the above two criteria to minimize the 
error in the staƟsƟcally expected payable damages. We see that for low 𝑢௉ோ , acceptance type 1 exhibits quite verƟcal 
behavior, while for higher 𝑢௉ோ the acceptance type 2 with negaƟve 𝑘 exhibits verƟcal behavior. An acceptance criterion could 
be constructed that is dependent on the measurement uncertainty could be constructed by following type 1 with δ = 0% if 
the uncertainty is low, and correcƟng using type 2 in case uncertainty is greater than a certain value. In equaƟon form, this 
looks like  

𝑃𝑅ோ = 𝑃𝑅ீ + 𝑘 ⋅ 𝑢௉ோθ(𝑢௉ோ − 𝑚). (𝐶. 1) 

With θ the Heaviside step funcƟon. The factor 𝑘 determines the strength of the correcƟon term, while the parameter 𝑚 is a 
lower cutoff for this term. The parameters 𝑘 and 𝑚 can be obtained through a simple opƟmizaƟon using python. Using the 
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SciPy library, we minimize the loss funcƟon, defined as the root-sum-square of the error in the payable damages in the 
visualized region, using the ‘Powell’ opƟmizaƟon algorithm.  

IniƟal  guesses were taken as 𝑘 = −0.5, 𝑚 = 1. OpƟmizaƟon yielded 𝑘 = −0.3187 and 𝑚 = 1.3494. 

The expected payable damages and probability of passing the acceptance test are visualized in figure C.2. In figure C.3, a 
zoomed-in comparison of the expected error of figure C.1c and the error of this criterion is provided. 

 
Figure C.2a:  Expected payable damages by the contractor for the 

opƟmized criterion. 

 
Figure C.2b: Probability of failing the test using the opƟmized 

criterion. 

  

 
Figure C.3a:  Zoomed-in version of figure C.1c.  

 
Figure C.3b: Error in the expected payable damages for the 

opƟmized criterion. 

The criterion described in equaƟon (C.1) requires knowledge of the uncertainty in the PR measurement. We can also try to 
construct an opƟmized version of acceptance criterion of type 1, which is not reliant on a measurement uncertainty 
assessment. Similar opƟmizaƟon as before with an iniƟal guess of δ = 0% achieved an opƟmized value δ = 0.2762%, the 
error can be compared for both criteria in figure C.4. 
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Figure C.4a:  Zoomed-in version of figure C.1c.  

 
Figure C.4b: Error in the expected payable damages for the 

opƟmized criterion. 

Importantly, the achieved opƟmal criteria are determined through several subjecƟve criteria. For instance, the opƟmizaƟon 
is performed for the grid shown in the figures. However, according to literature and the results of this work, it is very rare for 
uncertainty to be in the order of 0-2% or >7%. The choice of parameter space that is opƟmized over influences the result of 
the opƟmizaƟon. Moreover, no significant study was done with respect to this opƟmizaƟon or invesƟgaƟng whether the 
achieved values are indeed opƟma instead of local minima. These results should therefore not be interpreted as 
recommendaƟons for pracƟcal applicaƟon, but as an illustraƟon to the potenƟal improvement that opƟmizing a performance 
criterion can offer. 

 

While opƟmizaƟons of acceptance criteria to reduce overall error are theoreƟcally interesƟng, it remains quesƟonable 
whether industry is willing to adopt such formulaƟons in their contracts. As stated by the interviewed companies, uncertainty 
analysis is usually not performed by in-house experts but by an independent engineer, if it is analyzed at all. Specifying 
contractual payments on an opƟmized criterion that is parƟally based on the findings of an independent engineer and 
parƟally based on an a priori theoreƟcal opƟmizaƟon may lead to highly complicated clauses in EPC and O&M contracts. 
Thus, while it is theoreƟcally beneficial to opƟmize acceptance criteria, it may be more pracƟcal to sƟck with industry pracƟce 
to avoid legal ambiguity. 

Furthermore, the limitaƟons on the risk calculaƟons discussed in secƟon 5.2 also apply here: the risk calculaƟons are based 
on a ‘true PR’, which remains an ambiguous value that is dependent on the specific environmental condiƟons during the test.  

 

 

C: User Guide to the Python Code 

The python code developed for this research can be found in the following repository, accompanied by user instrucƟons: 

hƩps://github.com/MaƩhijsRepository/Uncertainty-PropagaƟon  
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